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1.1 Remote sensing of biophysical and biochemical 
characteristics 

There is an urgency to improve our understanding of terrestrial ecosystem 
status in a time of rapid climate and land use change. Terrestrial vegetation is 
a critical component of this ecosystem. Therefore, for its’ sustainable 
management, appropriate knowledge on vegetation status is required 
(Schmidt et al. 2004). In general, vegetation biophysical and biochemical 
variables are considered as important indicators of vegetation health and 
growth status. However, traditional methods to measure these variables are 
time-consuming, date lagged and costly (Pu et al. 2003). 

Remote sensing is an approach which enables observing and acquiring of 
information about an object or process without making physical contact with 
them is a practical and an economical means to study vegetation status, and 
has been recognized as an alternative and efficient method to obtain 
information about vegetation surfaces and their properties, particularly over 
large areas (Duro et al. 2007; Stoms and Estes 1993). 

The term “Remote Sensing” was initially introduced in the United States in 
the 1960s by Evelyn L. Pruitt of the U.S. Office of Naval Research 
(Geography 1965; Pruitt 1970). Before the 1960s, this term used was 
generally aerial photography. The aerial photographic surveys were started in 
the middle of the 19th century for collecting data for scientific purposes 
(Vierling et al. 2006). Subsequently, in recent decades with the proliferation 
of computers as research tools, the acquisition, processing analyzing remotely 
sensed data, and digital image processing has become dominant (Asner 1998; 
Brilis et al. 2001; Goel 2003). Accordingly, during the past couple of decades, 
remote sensing has rapidly developed as a fast, repetitive, and non-destructive 
approach to understand ecosystem processes (Kampe et al. 2010; Kimball et 
al. 2000; Liu et al. 1997), and has been used for ecological studies (Kerr and 
Ostrovsky 2003; Pettorelli et al. 2005), discrimination of species (Schmidt 
and Skidmore 2003; Sobhan 2007), assessing vegetation stress (Asner et al. 
2004; Li et al. 2005; Suárez et al. 2008), studies of forest dynamics (Broich et 
al. 2011; Carter and Knapp 2001; Hikosaka and Anten 2012; Poulter and 
Cramer 2009), quantifying vegetation biophysical parameters (Cho et al. 
2007; Darvishzadeh et al. 2008a; Darvishzadeh et al. 2008b; Schlerf et al. 
2005) as well as biochemical parameters (Clevers et al. 2010; Kokaly et al. 
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2009; Mirzaie et al. 2014; Wang et al. 2015; Zarco-Tejada et al. 2001; Zarco-
Tejada et al. 2003). 

Technological developments in remote sensing instruments allowed the 
acquisition of remotely sensed data in different spectral domains. The names 
and the spectral ranges of the various spectral regions are tabulated in Table 
1.1.  

Table 1.1: Classification of the electromagnetic spectrum into various domains  

Name of the spectral domains Acronyms Range (µm) 
Visible-Near Infrared VNIR 0.3 -1.0 
Shortwave Infrared SWIR 1.0-2.5 
Mid-wave Infrared MIR 3-5 
Thermal Infrared TIR 8-14 

 

According to the number of the spectral bands and bands width, remote 
sensing is classified into three categories consisting of panchromatic, 
multispectral, and hyperspectral remote sensing (Lillesand et al. 2014). 
Panchromatic data consists of only a single band with broad wavelength, 
while multispectral sensors contain few broad spectral bands (i.e. usually 
between two to ten spectral bands). Since 1972, the inception of the Earth 
Resource Technology Satellite program (later renamed Landsat) provided the 
broad range of multispectral data to assess and monitor environmental quality 
(Campbell and Wynne 2011). In return, hyperspectral sensors typically have 
a large number of continues narrow spectral bands and have been recognized 
as powerful tools to identify the surface features and to predict vegetation 
parameters with the high accuracy (Elvidge and Chen 1995; Schlerf et al. 
2005; Sun et al. 2008). In other words, hyperspectral data overcome the 
restrictions associated with multispectral and panchromatic data for 
characterizing vegetation variables which were previously impossible to 
retrieve. For instance, Mutanga and Skidmore (2004) overcame the saturation 
issue in predicting biomass using narrowband vegetation indices; 
Darvishzadeh et al. (2008a) estimated leaf area index (LAI) using 
hyperspectral data and demonstrated the effect of soil background and plant 
architecture on reflectance spectra; Ceccato et al. (2001) accurately detected 
water content in terms of equivalent water thickness (EWT) at leaf level using 
hyperspectral data.  
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The VNIR and SWIR regions have been extensively explored using 
hyperspectral and multispectral data for prediction of vegetation parameters 
(Cho et al. 2008; Clevers et al. 2010; Darvishzadeh et al. 2009; Mutanga and 
Skidmore 2004). However, data using VNIR and SWIR are not adequate to 
describe all the structural and chemical characteristics of vegetation. For 
instance, the primary absorption features which are linked to certain 
vegetation components (e.g. water, polysaccharides such as cellulose) and 
leaf structure variables (e.g. thickness) are only discernable in the MIR and 
TIR domains (Fabre et al. 2011b; Gerber et al. 2011; Ribeiro da Luz 2006; 
Ullah 2013).  

Among many vegetation parameters that have been studied over these 
regions, LAI and water content are of particular interest and have received 
wide attentions. LAI is an important variable for climate and terrestrial 
ecosystem models, and it is firmly associated with many ecosystem processes 
such as water balance and evapotranspiration. In addition, LAI has been 
recently identified as an essential biodiversity variable (EBV) which indicates 
its importance in various applications (Pettorelli et al. 2016; Skidmore et al. 
2015). On the other hand, vegetation water content in terms of fuel moisture 
content (FMC) and Equivalent water thickness (EWT) is one of the most 
investigated biochemical variables over VNIR and SWIR regions due to its 
associations with vegetation physiological status and terrestrial ecosystem 
conditions (Chuvieco et al. 2004; Claudio et al. 2006; Clevers et al. 2010; 
Peñuelas et al. 1994). Consequently, these variables were considered further 
in this study. 

1.2 Thermal remote sensing of vegetation  

Thermal remote sensing resembles the acquisition, processing, and 
interpretation of image data using the remote sensing but within the thermal 
infrared region. Sir William Herschel (1800) discovered infrared radiation in 
sunlight by using a prism and measuring the temperature of each color. He 
concluded that there is an invisible form of light beyond the visible part of the 
prismatic spectrum, what we now call the infrared. TIR remote sensing 
considers radiation which is emitted in the form of heat from the surface of 
the object (Kahle 1980; Prakash 2000). In this respect, emissivity is defined 
as the ratio of the radiance emitted by a body at a particular temperature to the 
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radiance emitted by the black body at the same temperature of the body 
(Becker and Li 1995). 

The TIR region has been scarcely perused for vegetation studies. Over two 
decades have passed since Salisbury et al. (1994) anticipated that at the end 
of 20th century the Earth observing system would deliver wide-reaching TIR 
data. Still, we have very little information as regards to the emissivity of plants 
particularly at canopy level. Estimation of biochemical vegetation variables 
at canopy level in the TIR region has been hardly examined (Gonzalez-Dugo 
et al. 2013), while retrieval of biophysical parameters at canopy level has not 
been considered using emissivity spectra in the TIR domain. Understanding 
the TIR canopy spectra will become gradually important, and ultimately may 
enable new types of remote sensing observations over vegetation canopies.  

The little attention and some degree misconception that have been given to 
the TIR data may be due to several issues. First, relatively few laboratories 
have access to instruments that enable measurements of the spectra over the 
TIR domain with high signal to noise ratio which is extensively essential for 
using TIR spectral in vegetation remote sensing studies (Kirkland et al. 2002; 
Ribeiro da Luz and Crowley 2010), and also the spatial resolution of the most 
TIR data is observed as being too coarse (e.g. satellite thermal data). The 
achievement in applying infrared technology to remote sensing only has been 
made possible through the advanced progress of high−performance infrared 
sensors over the last six decades (Rogalski 2012). Second, emissivity spectral 
variations in plants are subtle and complicated (Ribeiro da Luz and Crowley 
2010); and third, TIR data is little comprehended from theoretical and 
applications prospects within the ecological community and in contrast, the 
details of plant physiology and organic chemistry in association with plants 
spectral features at the TIR region are unknown to many remote sensing 
experts (Quattrochi and Luvall 1999). 

Few studies have evaluated the potential of the TIR for characterizing 
vegetation. For instance, in the middle of the last century, Gates and 
Tantraporn (1952) measured leaf reflectance spectra of shrubs and numerous 
deciduous trees between 1 µm and 25 µm wavelengths. In preliminary studies, 
Salisbury and Milton (1988) used TIR data to investigate the reflectance 
spectra of leaves from different plant species over 2.5 µm and 13.5 µm domain 
and showed that deciduous species have unique reflectance features; Rubio et 
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al. (1997) measured the emissivity of 35 vegetation species in the wavelengths 
between 8 µm and 14 µm and concluded that the vegetation shows a near grey 
body behavior. During the past decade, only a few studies focused on spectral 
reflectance as well as emissivity features in vegetation using TIR 
hyperspectral data. For instance, Ribeiro da Luz and Crowley (2010) and 
Ullah et al. (2012a) investigated the identification of plant species using 
emissivity in the TIR region. Only a few researchers opined that the TIR 
region contains relevant information regarding the biochemical concentration 
in leaves (Fabre et al. 2011b; Gerber et al. 2011; Ribeiro da Luz and Crowley 
2007, 2010; Ullah et al. 2012a). In this regard recently, a few studies focused 
on estimation of water content using emissivity spectra of plants at leaf level 
(Ullah et al. 2013; Ullah et al. 2012b; Ullah et al. 2014). Buitrago et al. (2016), 
investigated the influence of water content in plant species on emissivity 
spectra and concluded that changes in emissivity spectra might be associated 
with the variations in the cuticle thickness and conceivably the structure of 
cuticle. In addition, TIR data have found to be valuable for other applications 
including measuring evapotranspiration, water consumption in vegetation 
(Lillesand et al. 2014), and estimation of energy fluxes (Frey and Parlow 
2012). 

To our knowledge, most of the studies mentioned above in this domain (i.e. 
TIR) have been conducted at the leaf level, and little consideration has been 
given to the assessment of emissivity features as well as plant properties at 
the canopy level. Furthermore, the majority of studies which have focused at 
the leaf level, have collected the leaves in the field and transported to the 
laboratory for spectral or biochemical properties measurements. Despite the 
fact that in situ measurements at the leaf level are crucial for validation and 
also depends on the goals of the research studies, but this is often impractical 
due to the instability of environmental status (e.g. weather and temperature), 
and inaccessibility for portable spectral equipment. Another limitation of leaf 
level measurements is that leaf physiology, as well as reflectance or emissivity 
spectral properties, changes over the relatively short period (Foley et al. 
2006). Moreover, the demand for monitoring of ecosystems over a large area 
is increased due to the climate changes and habitat degradation. This would 
be only practical by using remotely sensed data provided by airborne and 
space born platforms. As a consequence, ecologists and forest managers have 
become more interested in vegetation studies at canopy level and have a desire 
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to improve their understanding of the ecosystem status because a plant canopy 
is a particular place of the biophysical and biochemical process in ecosystems 
(Asner et al. 2003).  

In this study, we have focused on the retrieval of vegetation properties at the 
canopy level using thermal remote sensing measurements. Since the relation 
between laboratory measurements at the canopy level and satellite images 
using thermal remote sensing data is lacking, the potential of laboratory-based 
TIR emissivity spectra as well as TIR satellite imagery (i.e. Landsat 8, thermal 
infrared sensor (TIRS) bands) are investigated for prediction of vegetation 
biochemical and particularly biophysical parameters at the canopy level. The 
MIDAC illuminator Fourier Transform Infrared (FTIR) spectrometer as a 
laboratory and also point based field spectrometer which measure the radiance 
spectra of plants species in hundred spectral bands were utilized first under 
controlled laboratory conditions, next the Landsat 8 bands particularly TIRS 
bands which are more dependable to the prediction of surface emissivity were 
employed to estimate land surface emissivity and further estimate vegetation 
properties. 

1.3 Research objectives 

The primary aims of this study were to: 

1) Investigate the effects of variation of LAI on emissivity spectra at the 
canopy level using TIR hyperspectral remote sensing data. 

2) Evaluate the retrieval of LAI by applying univariate and multivariate 
techniques using TIR hyperspectral remote sensing data. 

3) Investigate the potential of canopy emissivity for estimating FMC and 
EWT as mass-based and area-based biochemical variables respectively 
using TIR hyperspectral data at the canopy level.  

4) Investigate whether the established relations between LAI and land 
surface emissivity at the laboratory level can be extended to satellite 
level using thermal data on a large scale.  

1.4 The study area 

Considering the research objectives and the availability of TIR hyperspectral 
data Chapters 2, 3, and 4 benefited from laboratory experimental data to 
retrieve LAI, FMC, and EWT at the canopy level by means of TIR 
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hyperspectral measurements using a portable MIDAC FTIR spectrometer 
(Model M4401-F; MIDAC Corporation, CA, USA) under controlled 
laboratory conditions where the walls, ceiling, and ground were covered with 
a black plastic material of known emissivity. 

However, the capability and upscaling of laboratory experiments are always 
faced with the query of whether such studies are extendable to natural 
ecosystems. In this respect, to proof the concept of predicting vegetation 
characteristics using TIR data, in Chapter 5, the satellite data were obtained 
from Landsat 8 for the mixed mountain forest of Bavarian Forest National 
Park (BFNP) which is located in a southeastern part of Germany along the 
border of the Czech Republic (49˚ 3' 19" N, 13˚ 12' 9" E) (Figure 1.1). 
Elevation in BFNP ranges from 600 m to 1453 m above sea level. The climate 
of the region is temperate, and precipitation varies from 1200 to 1800 
mm/year and, minimum average annual temperature between 3˚C and 6˚C. In 
general, the dominant tree species in the BFNP consists European beech 
(24.5%), Norway spruce (67%), and Fir (2.6%) (Heurich et al. 2010). 

1.5 Thesis outline 

This thesis comprises of an entire six chapters, including a general 
introduction, four core chapters, and a synthesis. Each core chapter has been 
provided as a standalone research paper that has been published in or 
submitted to the peer-review ISI journals. The structure of the chapters is as 
follows. 

Chapter 1 presents the research background, research objectives, and also 
describes the study area and outlines of the thesis. 

Chapter 2 deals with the effect of LAI on canopy emissivity spectra in the TIR 
domain from different species under controlled laboratory conditions and at 
the nadir position. 
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Figure 1.1: Location of the Bavarian Forest National Park, Germany. The satellite 
image was from the world base map in ArcGIS software (ESRI, Inc., USA). 

 
Chapter 3 evaluates the retrieval of LAI using TIR hyperspectral data which 
were obtained under controlled laboratory conditions for four plant species 
and examined the utility of different univariate and multivariate methods to 
predicting LAI.  

Chapter 4 applies TIR hyperspectral data for predicting FMC as a mass-based 
and EWT as area based water indicators at the canopy level. 

Chapter 5 evaluates the estimation of LAI from TIR satellite imagery data 
which acquired at the same time as the field campaign held in BFNP as 
temperate mixed forest using statistical and machine learning approaches. 
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Chapter 6 provides an overview of the significant research findings of the 
thesis. The contributions of the undertaken studies in this thesis in the realm 
of EBV assessment are discussed. Further research directions and some 
recommendation are also proposed. 
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Chapter 2 
 
Measuring the Response of Canopy Emissivity 
Spectra to Leaf Area Index Variation using 
Thermal Hyperspectral Data 
  

                                                   
 This chapter is based on:  
Neinavaz, E., Darvishzadeh, R., Skidmore, A.K., Groen, and T.A. 2016. Measuring the 
Response of Canopy Emissivity Spectra to Leaf Area Index Variation using Thermal 
Hyperspectral Data. International Journal of Applied Earth Observation and 
Geoinformation 50.40-47. 
 
Neinavaz, E., Darvishzadeh, R., Skidmore, A.K., Groen, and T.A., Hecker, C. Estimation 
of Leaf Area Index from Hyperspectral Thermal Data. 9th EARSeL SIG Imaging 
Spectroscopy Workshop, 14-16 April 2015, Luxemburg. 
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Abstract 

One of the plant biophysical factors affecting the canopy spectral reflectance 
of plants in the optical domain to receive research attention in recent decades 
is leaf area index (LAI). Although it is expected that the value of LAI affects 
the emission of radiation, it not known how. To our knowledge, the effect of 
LAI on plant canopy emissivity spectra has not yet been investigated in the 
thermal infrared region (TIR 8–14 µm). The overall aim of this study was to 
demonstrate the effect of LAI on canopy emissivity spectra of different 
species at the nadir position. The 279 spectral wavebands in the TIR domain 
were measured under controlled laboratory condition using a MIDAC 
spectrometer for four plant species. The corresponding LAI of each 
measurement was destructively calculated. We found a positive correlation 
between canopy emissivity spectra at various LAI values, indicating that 
emissivity increases concomitantly with LAI value. The canopy emissivity 
spectra of the four species were found to be statistically different at various 
wavebands even when the LAI values of the species were similar. It seems 
that other biophysical or biochemical factors also contribute to canopy 
emissivity spectra: this merits further investigation. We not only quantify the 
role of LAI on canopy emissivity spectra for the first time but also 
demonstrate the potential of using hyperspectral thermal data to estimate LAI 
of plant species. 
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2.1 Introduction 

In recent decades, vegetation reflectance spectra and their features in the 
visible/near–infrared (VNIR, 0.3-1.0 µm) and short–wave infrared (SWIR, 
1.0-2.5 µm) regions of the electromagnetic spectrum have been widely 
investigated. Consequently, meaningful relationships have been established 
between reflectance spectra and vegetation biophysical, and biochemical 
properties at leaf, canopy, and landscape levels (Asner 1998). Despite the 
growing importance of remote sensing for vegetation studies, it is not fully 
understood how the emissivity spectra interact with biophysical and 
biochemical properties of vegetation in the thermal infrared region (TIR 8-14 
µm). TIR hyperspectral data is important for earth observation such as 
geological remote sensing studies, due to the strong response of minerals (e.g. 
quartz) in this domain (Van der Meer et al. 2012). Additionally, TIR data is 
particularly important for investigating vegetation phenomena in which 
temperature plays a critical role (e.g. photosynthesis, and transpiration) 
(Lindroth et al. 2008). 

Leaf area index (LAI) is a dimensionless variable, defined as the one-sided 
leaf area (m2) per unit of horizontal surface area (m2) (Watson 1947), and it is 
a critical input for climate and large-scale ecosystem models (Zheng and 
Moskal 2009). In addition, the LAI is an important biophysical parameter of 
vegetation that exhibits a primary control on the plant energy balance, 
transpiration, respiration, and gas exchanges (e.g. uptake of CO2 and H2O by 
the canopy) (Running and Coughlan 1988). Previous studies have revealed 
the importance of LAI in ecological and remote sensing studies. For instance, 
process-based ecosystem simulations are often required to produce 
quantitative analyses of productivity; in this regard, LAI is a key input 
parameter to such models (Liu et al. 1999; Liu et al. 1997; Matsushita et al. 
2004). Also, LAI is indispensable for scaling between leaf and canopy 
measurements of biochemical variables and biosphere-atmospheric exchange 
(e.g. water vapor, CO2 conductance, and flux) at the global scale (Asner et al. 
2003). In addition, long-term monitoring of LAI can provide critical 
information on climate impacts on ecosystems (Zheng and Moskal 2009). LAI 
can explain the differences between photosynthesis and respiration in 
different ecosystems as well as how photosynthesis varies under different 
light levels and leaf nitrogen concentrations in the area of low and high LAI 
respectively (Boegh et al. 2002). 
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Emissivity spectra depend on leaf surface temperature (Becker and Li 1990) 
and are part of the radiation term in the energy budget of the leaves (Gates 
2012). The temperature of a canopy surface depends on the balance between 
incoming solar energy and energy loss. Leaves absorb a certain fraction of the 
incident radiation with this energy, dividing it over three outgoing streams: 
re-radiation, convective heat exchange with the air, and evaporation or 
transpiration (Gates 2012). A large proportion of these outgoing streams is 
devoted to convective heat exchange with the air. In other words, most of the 
incoming solar energy in plants is transformed and lost as heat (McKinney 
and Schoch 2003). It has been shown that regarding physiology and ecology; 
plants are able to regulate their energy balance through their leaf surfaces 
(Delrot et al. 2010). It has been demonstrated by Drake et al. (1970) that 
transpiration has an important role to stabilization of the leaf temperature, 
particularly at high environmental temperature through the cooling role of 
transpiration. In this respect, Vertessy et al. (1995) showed that the relation 
between transpiration and leaf area is almost linear. Further, LAI is related to 
the efficiency of canopy evaporation value (van den Hurk et al. 2003). 
Brutsaert (2013), has demonstrated that high LAI values are strongly 
correlated with the efficiency of canopy evaporation and account for the 
majority of the existent energy, applied for evapotranspiration. Therefore, it 
can be realized that LAI variability affects canopy evaporation and 
transpiration.  

Previous studies have investigated the effect of varying LAI values on canopy 
reflectance and have demonstrated that with rising LAI the canopy reflectance 
spectra increases in particular in NIR region (Asner 1998; Darvishzadeh et al. 
2009). As can be observed from Figure 2.1, the variation of LAI has an 
influence on canopy reflectance signatures, with the most pronounced impact 
in the NIR domain (750 nm to 1350 nm). Moreover, as LAI rises within a 
canopy, an obvious deepening of the two water absorption features within the 
NIR region located at 1000 nm and 1200 nm can be observed in the 
reflectance spectra. To date, our knowledge regarding the canopy emissivity 
spectra and its relation to LAI in the TIR region has been limited by mainly 
technical problems (Ribeiro da Luz and Crowley 2007). 

Recently, thermal hyperspectral devices have improved: new thermal infrared 
sensors discern TIR spectral features at higher spectral resolution (e.g. the 
MIDAC illuminator Fourier Transform Infrared (FTIR) spectrometer). 
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Reviewing the literature revealed that most vegetation studies using TIR 
hyperspectral data have focused at the leaf level (Buitrago et al. 2016; Ullah 
et al. 2013; Ullah et al. 2014), and only a few studies have addressed TIR 
hyperspectral data at canopy level (Ribeiro da Luz and Crowley 2010; 
Sepulcre-Cantó et al. 2006). In preliminary studies, Salisbury and Milton 
(1988) were among the first to use thermal data to investigate the reflectance 
spectra of different plant species at leaf level in the 2.5–13.5 µm region. They 
showed that deciduous species have unique reflectance features. Ullah et al. 
(2012a), studied the leaf emissivity spectra for different species and 
demonstrated that vegetation has specific characteristic emissivity signatures 
at leaf level. 

The above literature revealed that leaves are not opaque and featureless in the 
TIR domain and that hyperspectral thermal remotely sensing of vegetation is 
an area in which there is still much to explore. No studies have focused on the 
biophysical properties of vegetation and their influence on emissivity spectra 
of canopies. Here, for the first time, we use TIR hyperspectral data to evaluate 
changes in emissivity spectral measurements under different values of LAI 
measured for structurally different species and under controlled laboratory 
conditions. Our study had two principal objectives: (1) to measure the 
response of canopy emissivity spectra to LAI variation and (2) to explore the 
canopy emissivity spectra of different plant species with the same LAI. 

 
Figure 2.1: Canopy spectral reflectance of Asplenium nidus in the visible, NIR and 
SWIR regions corresponding to LAI values between 0.87 and 6.11 nm. (Source: 
(Darvishzadeh et al. 2009)). 
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2.2 Materials and methods 

2.2.1 LAI measurements 

In the present study, four different plant species were selected: Azalea 
japonica, an evergreen flowering shrub with ovate leaves about 2–3 cm long 
(n=10); Buxus sempervirens, an evergreen shrub with oval leaves about 1.5–
3 cm long and 0.5–1.3 cm wide (n=10); Euonymus japonicus, an evergreen 
shrub with oval leaves about 3 cm to 7 cm long, with finely serrated margins 
(n=11); and Ficus benjamina, which has glossy, oval leaves about 6–13 cm 
long, with an acuminate tip (n=6). To create variation in LAI and 
corresponding emissivity measurements, leaves from different layers and on 
the inner side of the canopy were randomly removed in 3–4 consecutive steps 
(depending on the plant size), hence after each removal phase, the total LAI 
value of the canopy were lowered. These harvesting steps were carried out on 
each sampled species within a few hours to minimize possible changes in the 
plant's physiological status such as stomatal conductance and to exclude the 
possible interference of any physiological processes. The areas of harvested 
leaves were measured using the LI-3000C portable leaf area meter (LICOR, 
NE, USA) that was regularly calibrated. To calculate the LAI (m2 m-2), the 
measured surface areas of the leaves (m2) were divided by the corresponding 
ground area of the canopy (m2). The dataset includes 37 plants, resulting in 
144 LAI measurements, as the plants were destructively sampled for LAI. 

2.2.2 Laboratory condition 

To create optimal measurement conditions, and reduce any possible sources 
of error due to the changes in atmospheric conditions or temperature, the 
measurements were carried out under controlled laboratory conditions where 
the walls, ceiling, and ground were coated with a black material (Avis Aqua 
Blackboard Black) and plastic of known emissivity. The traditional procedure 
when measuring emissivity is to heat samples (e.g. geological samples) to a 
temperature above ambient condition to create a thermal contrast (Ribeiro da 
Luz and Crowley, 2007; Salisbury, 1998). However, such treatment stresses 
plant samples, so instead, we reduced the lab temperature to 10˚C in order to 
generate a suitable thermal contrast with the plants, which were at a higher 
room temperature. For this, plants were kept outside the laboratory at an 
ambient room temperature of 20˚C and were briefly individually transferred 
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to the cool room in order to make the thermal measurements, and then were 
returned to normal room temperature. In this experiment, the background soil 
was covered with black plastic of known emissivity to minimize possible 
effects of soil. We measured the emissivity spectra of the black plastic using 
a BRUKER Vertex 70 laboratory FTIR spectrometer. The black plastic had a 
very low emissivity so could be assumed to cause minimal interference with 
the thermal radiance measurements of the samples. 

2.2.3 Canopy spectroscopic measurement 

2.2.3.1 Thermal infrared emission spectroscopy 

The radiance spectra were measured using a portable MIDAC FTIR 
spectrometer (Model M4401-F; MIDAC Corporation, CA, USA). The 
MIDAC configuration enables the measurement of radiance spectra within 
the spectral range of 2.5–20 µm with an adjustable spectral resolution of 32–
0.5 cm-1 (Eisele et al. 2015). The MIDAC has a liquid-nitrogen-cooled 
Mercury-Cadmium-Telluride (MCT) detector and customized foreoptics that 
consist of a flat folding mirror on a rotational axis, which allows 
measurements of two blackbodies (hot and cold), for calibrating and 
measuring each sample. The MIDAC's folding mirror was kept at nadir 
position above the samples. The MIDAC's field of view (using a cut-off of 
5% of the maximum responsivity) has a starting diameter of 53 mm at the 
folding mirror and spreads with about 18 mrad. Since the amount of thermal 
emission varies according to the distance between the sample and the sensor 
(Ribeiro da Luz and Crowley 2007), and also to reduce atmospheric 
attenuation (Korb et al. 1996), measurements were made with a fixed vertical 
distance between sensor and sample.  

2.2.3.1.1 Radiometric calibration and down-welling radiance 
  measurements  

The emissivity spectra of plant canopies were obtained using a series of FTIR 
measurements performed in the following order: radiance measurements of 
the hot blackbody, radiance measurement of the cold blackbody, radiance 
measurement of the sample (i.e. the plant canopy), and finally, radiance 
measurements of a highly diffuse reflecting gold plate (Infragold®). For 
instrument radiance calibration, two individual blackbodies were used. The 
temperatures of the hot and cold blackbodies were regularly checked between 
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measurements of each sample. The cold blackbody temperature was set just 
below the ambient temperature, at 5˚C (Korb et al. 1996). The hot blackbody 
temperature was set above the sample temperature, at 30˚C (Hori et al. 2006; 
Salvaggio and Miller 2001). Details of the radiometric calibration that was 
applied to the measurements of these blackbodies radiances can be found in 
Hook and Kahle (1996). A diffuse reflecting gold plate with an emissivity of 
∼	0.04 was used to measure down-welling radiance (DWR) in order to correct 
radiance measurements and determine any significant influence of laboratory 
background emissions (Eisele et al. 2015). The infragold plate was placed 
directly under the MIDAC sensor at the same distance as the sample. The 
temperatures of the sample, infragold plate, and lab were frequently 
monitored before and after each measurement, using thermistors (FLUKE 51 
II Thermometer and Precision IR Thermometer) to detect any possible 
changes in temperature that could affect the measurements, as such changes 
in temperature could disturb the thermal contrast and result in over- or 
underestimation of the emissivity values. The measurement series were taken 
within five minutes to minimize possible temperature drift of the instrument, 
physiological changes in the plants, and fluctuations in laboratory temperature 
(Hori et al. 2006). 

2.2.3.1.2 Canopy radiance measurements 

The radiance spectra of the plant canopies were measured between 
wavelengths of 2.5–20 µm with a resolution of 2 cm-1. An average of 32 scans 
was observed for each sample (measurement). The canopy emissivity 
measurements included 279 wavebands between 8 µm and 14 µm regions. 
Measurements outside this range had the very low signal strength and 
therefore were excluded from further analysis. After each set of 
measurements, the canopy was rotated 90˚clockwise. The final corresponding 
canopy emissivity spectra of each sample (for a particular LAI value), was 
then calculated from the average of four sets of measurements (covering 
360˚). The position of the MIDAC sensor above the canopy was kept constant. 
In total, 576 (4 144) canopy radiance measurements were obtained for the 
four plant species (Table 2.1). 
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Table 2.1: Summary statistics of the leaf area index (LAI) measurements for four 
plant species (n = 144).  

Species name 
LAI (m2 m-2) 

Mean Max Min Sample size 

Azalea japonica 1.57 3.35 0.60 30 

Buxus sempervirens 4.54 9.80 1.17 40 

Euonymus japonicus 3.28 7.43 1.25 44 

Ficus benjamina 3.60 8.36 1.04 30 

Pooled data 3.25 9.80 0.60 144 

2.2.4 Data processing and analysis  

Spectral emissivity of the plants was calculated from their absolute radiance 
using the following equation (Korb et al. 1996),  

ε 	 λ 	

,
                                                                           (1) 

where ε 	 λ 	denotes the directional emissivity of the sample at the 
wavelength λ, L 	 λ  is spectral radiance from the target, 	T  is the actual 
physical temperature of the sample, B λ, T  is the Planck function at the 
wavelength λ and sample temperature, and L λ  is total spectral DWR 
from the hemisphere above the sample. To retrieve canopy surface emissivity, 
the information regarding precise surface temperature T  at the time of the 
measurement is essential. Therefore, despite measuring canopy temperature 
before and after each measurement, the blackbody fit method was used to 
estimate the exact sample temperature value at the time of measurement. The 
details about the blackbody fit method can be found in Kahle and Alley (1992) 
and Salvaggio and Miller (2001). A Savitzky and Golay (1964) filter with a 
frame size of 15 data points and second- degree polynomial was used to 
reduce the noise of the canopy emissivity spectra (Savitzky and Golay 1964). 
Data were analyzed and processed using MATLAB R2013b (Mathwork, Inc). 

2.2.5 Statistical analyses 

Three statistical tests were used in this study: one-way ANOVA, two-way 
ANOVA, and principal component analysis (PCA). A two-way analysis of 
variance (ANOVA) was performed to ascertain the effects of 1) variation in 
LAI values and the wavelength values across 8–14 µm (i.e. independent 
variables) and 2) the interaction between these independent variables, on 
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canopy emissivity (the continuous dependent variable). For all species, LAI 
values were binned in three common classes of 1.5, 2.5 and 3.5 (m2 m-2). Also, 
wavelengths from 8 µm to 14 µm were binned into six categories ranging 
from 8 µm to 8.99 µm, 9–9.99 µm, 10–10.99 µm, 11–11.99 µm, 12–12.99 
µm, and 13–13.99 µm. We examined whether the mean emissivity at different 
LAI values or waveband ranges were statistically different and whether there 
was an interaction between these variables (i.e. LAI and wavelength). In 
addition, a one-way ANOVA was used to explore whether the mean 
emissivity of different species with the same LAI value is significantly 
different. Tukey's honestly significant difference (HSD) test was used as a 
post-hoc test, to determine the statistical significance of differences between 
pairs of species and to examine whether mean emissivity in different species 
with the same LAI value is statistically different. 

In addition, Principal Component Analysis (PCA) was used as data reduction 
technique to determine the significant wavebands for discriminating between 
plant species with similar LAI values among the 279 wavebands in the TIR 
region that were studied. PCA is a popular multivariate statistical technique 
introduced by Pearson (1901) and refined by Hotelling (1933). It has been 
successfully used in many remote sensing studies as a data reduction approach 
(Chen et al. 2014; Du and Fowler 2007; Hirosawa et al. 1996; Holden and 
LeDrew 1998; Tsai et al. 2007). In our analysis, wavebands that have the 
highest factor loadings on the selected principal components (PCs) have the 
greatest variation in emissivity between species with similar LAI values and 
have high information content, due to the significant contribution to the 
selected PCs. 

2.3 Results 

2.3.1 Statistical analysis 

The experimental setup ensured a broad range of emissivity spectra at the 
canopy level and a large range of LAI values. In total, 144 samples were 
studied, with LAI values varying between 0.60 (m2 m-2) in Azalea japonica 
and 9.80 (m2 m-2) in Buxus sempervirens (Table 2.1). In Figure 2.2, canopy 
emissivity spectra of various plant species are plotted separately, based on 
different LAI values. It can be seen that LAI and thermal emissivity are 
positively correlated, in agreement with the positive correlations found 
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between LAI and emissivity. As can be seen from Figure 2.2, for all species 
the emissivity increases in all wavelengths across 8–14 µm parts of the 
electromagnetic spectrum. However, this increment is more pronounced 
above 9 µm, and the wavelength in the 8–9 µm portion of the electromagnetic 
spectrum, which is moderately responsive to LAI increases. Three of the 
measured species, namely, Buxus sempervirens, Euonymus japonicus, and 
Ficus benjamina, had high LAI values, with maxima above 3.5. Therefore, 
we further investigated how the change in emissivity spectra responded to 
higher LAI values. Plots of the emissivity spectra for these species for higher 
values (Figure 2.2 b–d) show that the difference in emissivity spectra of LAI 
values between 1.0 and 3.5 (m2 m-2) is quite distinct from all four species. For 
the LAI values larger than 4.0 (m2 m-2), the differences in canopy emissivity 
spectra value become less pronounced and at some wavelengths seem to be 
saturated. 

(a) 

(b) 
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(c) 

(d) 

Figure 2.2: The canopy emissivity spectra in Azalea japonica (a), Buxus sempervirens 
(b), Euonymus japonicus (c), and Ficus benjamina (d). Changes in canopy emissivity 
spectra become smaller when LAI values exceed 4 (m2 m-2). 

The canopy emissivity spectra at several wavelengths reached saturation at a 
different level, depending on the plant species. For instance, emissivity 
reaches saturation level in Euonymus japonicus and Buxus sempervirens when 
LAI exceeds 4.5 and 4 (m2 m-2) respectively, while in Ficus benjamina, at 
wavelengths between 8 µm and 9 µm saturation is only observed when LAI 
exceeds 6.5 (m2 m-2).The two-way ANOVA results are presented in Table 2.2. 
The results showed that there was an interaction between wavelength and LAI 
values for all species. In other words, it seems that the effect on the canopy 
emissivity spectra of changing LAI values depends on the specific part of the 
spectrum.  
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Table 2.2: Summary statistics of Two-way ANOVA analyzing canopy emissivity 
spectra for different species, wavelength, and LAI value. The mean difference is 
significant at the 0.05 level. 

Species Source F statistics p-value 

Azalea japonica 
LAI 79.39 <0.001 

Wavelength 217.27 <0.001 
LAI × Wavelength 4.420 <0.001 

Buxus sempervirens 
LAI 76.07 <0.001 

Wavelength 218.26 <0.001 
LAI × Wavelength 4.54 0.004 

Euonymus 
japonicus 

LAI 51.73 <0.001 
Wavelength 236.90 <0.001 

LAI × Wavelength 9.26 <0.001 

Ficus benjamina 
LAI 134.05 <0.001 

Wavelength 128.39 <0.001 
LAI × Wavelength 25.38 <0.001 

 

As can be seen from Figure 2.3, the emissivity spectra and absorption features 
vary among plant species with similar LAI values. The one-way ANOVA 
shows significant differences at p-value < 0.05 among all species ([LAI = 1.5, 
F (3,1112) = 44.63, MSE = 0.01, p-value = 0.00], [LAI = 2.5, F (3,1112) = 
36.29, MSE = 0.01, p-value = 0.00], and [LAI = 3.5, F (3,1112) = 18.82, MSE 
= 0.00, p-value = 0.00]), showing that the mean emissivity of at least one pair 
of species was statistically different from the others. In addition, the results 
show that at a similar LAI, the emissivity spectra of the different plant species 
are mainly different between wavelengths 9–11µm (Figure 2.3). The Tukey's 
HSD test (Table 2.3) for the six possible pair combinations for the four species 
showed that the mean canopy emissivity spectra of all species with a similar 
LAI of 1.5 (m2 m-2) were significantly different at the p-value < 0.05 level. 
However, not all comparisons were statistically significant for LAI values of 
2.5 and 3.5 (m2 m-2). At a LAI value of 2.5 (m2 m-2), there was no statistically 
significant difference between Azalea japonica and Euonymus japonicus in 
the mean score for the canopy emissivity spectra. Neither were there 
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significant differences between Azalea japonica and Ficus benjamina with a 
LAI value of 3.5 (m2 m-2). 

(a) 

(b) 

(c) 

 

  

Figure 2.3: The 
mean canopy 
emissivity spectra of 
different plant 
species with similar 
LAI value of (a) 1.5 
(m2 m-2), (b) 2.5 (m2 
m-2), and (c) 3.5 (m2 
m-2). Plant species 
that are not 
statistically 
significant from each 
other are shown in 
red. 
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Table 2.3: Summary statistics from One-way ANOVA with Post-hoc Tukey's HSD 
test of canopy emissivity spectra for four plant species with LAI value binned 
around 1.5, 2.5 and 3.5 (m2 m-2).Where (1) is Azalea japonica, (2) is Buxus 
sempervirens, (3) is Ficus benjamina, and (4) is Euonymus japonicus. 

LAI (m2 m-2) 
Variable Mean Difference 

(I-J) 
p-value 

(I) (J)

1.5 
 

1 
2 - 0.013 * <0.001 
3 0.005 * 0.008 
4 - 0.005 * 0.007 

2 
 

3 0.018 * <0.001 
4 0.007 * <0.001 

3 4 - 0.010 * <0.001 

2.5 

1 
2 - 0.010 * <0.001 
3 0.004 * 0.011 
4 - 0.000 0.905 

2 
3 0.014 * <0.001 
4 0.009 * <0.001 

3 4 - 0.004 * 0.007 

3.5 

1 
2 -0.006* <0.001 
3 0.001 0.212 
4 -0.002* 0.024 

2 
3 0.008* <0.001 
4 0.004* 0.003 

3 4 -0.004* 0.003 

2.3.2 Principal component analysis 

The PCA analysis revealed that the proportion of the total variance between 
plant species that was explained by the first principal component (PC1) was 
97.28% for species with an LAI around 1.5 (m2 m-2), 93.43% for species with 
an LAI value around 2.5 (m2 m-2), and 94.07% for species with an LAI around 
3.5 (m2 m-2). The second principal component (PC2) explained only1.69%, 
4.15% and 5% of the variance for LAI values of 1.5, 2.5 and 3.5 (m2 m-2) 
respectively. Therefore, only PC1 was selected for determining the wavebands 
for which the canopy emissivity spectra of different species with similar LAI 
values were highly variable. The waveband regions that provided the highest 
factor loadings were similar for all species with LAI 1.5, 2.5, and 3.5 (m2 m-

2), and were located in 8–10 µm part of the electromagnetic spectrum; they 
included the 8.0–8.3 µm, 8.8–9.1 µm, 9.4–9.6 µm, and 9.9–10.1 µm regions. 
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2.4 Discussion 

Earlier studies using TIR hyperspectral data focused mainly on leaf scale 
measurements and their related properties (e.g. water content, and leaf 
chemical constituents) (Buitrago et al. 2016; Ribeiro da Luz and Crowley 
2010); to our knowledge, to date there have been no studies on the biophysical 
properties at canopy scale in the TIR domain. We believe our study is the first 
to use thermal hyperspectral data in order to understand the canopy emissivity 
spectral response to variation in LAI. Further, it explored whether canopy 
emissivity spectra of different plant species can be discriminated while their 
LAI is constant. The analysis of the canopy emissivity spectra of the four plant 
species revealed discrepancies due to dissimilarities between species in the 
absolute value of emissivity at different spectral wavebands. The finding 
demonstrates the potential of TIR hyperspectral data measured at the canopy 
level for discriminating between various plant species when their LAI is 
similar. 

It is well known that LAI variability affects reflectance signatures in the VNIR 
portion of the spectrum. Here, we demonstrate that canopy emissivity spectra 
are also influenced by increasing LAI values in the 8–12 µm region. For LAI 
values greater than 4.0 (m2 m-2), the changes in canopy emissivity spectra 
were less pronounced (Figure 2.2). This suggests that other biophysical (such 
as leaf angle) and biochemical properties contribute to canopy emissivity 
spectra; this merits further investigation. In our study, it was observed that the 
small changes in LAI values (i.e. <0.5, m2 m-2) are not readily detectable via 
canopy emissivity spectra. Our results confirmed earlier results obtained by 
Ullah (2013) that plants have relatively high emissivity and only small and 
subtle features in the TIR region, and this also applies to measurements made 
at canopy level. 

Plant canopy temperature exerts strong control over respiration and 
transpiration. LAI is the critical parameter in canopy evaporation (van den 
Hurk et al. 2003), and transpiration: its variability affects biophysical and 
biochemical processes through its impact on heat and water fluxes between 
vegetation and the atmosphere. Moreover, canopy photosynthesis varies 
according to change in LAI value and the arrangement of the angular 
distribution of leaves (Peri 2005). In addition, as the LAI of a canopy 
increases, solar absorption increases because more leaves are present to 
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absorb photons. The effects of the changes in leaf solar absorptance are 
significant in terms of affecting leaf temperature. In other words, changes in 
LAI values can determine the interception of solar radiation by plants. 
Therefore, it seems raising the LAI increases the absolute value of emissivity. 

Many researchers have investigated the retrieval of LAI from reflectance 
spectra using optical remote sensing. Our finding is in agreement with 
previous findings by Darvishzadeh et al. (2008a) who demonstrated that plant 
species with similar LAI values have different canopy reflectance spectra in 
the VNIR and SWIR regions. The finding that the canopy emissivity spectra 
of various plant species with the same LAI value were quite distinct (Figure 
2.3) suggests that LAI is probably not the sole factor affecting the canopy 
emissivity spectra. We know that at leaf level there are factors that affect 
emissivity (Buitrago et al. 2016; Ullah et al. 2013; Ullah et al. 2014) but 
probably other canopy structural parameters also contribute to the variation 
of the canopy emissivity spectra. This might be attributed to the differences 
in canopy architecture (Pinter Jr et al. 1985), leaves (i.e. size and orientation), 
canopy gap size (Ribeiro da Luz and Crowley 2010), and concentrations of 
biochemical factors (Curran et al. 2001) or interactions among these factors. 
Moreover, the outermost layers of the leaf (i.e. plant cuticle) are claimed to 
be a principal cause of emissivity spectral features for different plant species 
in the TIR region (Ribeiro da Luz and Crowley 2007). The external walls of 
plant epidermal cells are unique for every plant species (Glover 2000). 
Therefore, the differentiation observed in emissivity spectral for various plant 
species with similar LAI value might be due to differences in the composition 
of the external walls of plant epidermal cells. As can be seen from Figure 2.2 
canopy emissivity spectra reached saturated at different levels for the different 
species. A possible explanation is that leaf biophysical variables such as 
internal leaf structure and leaf orientation as well as pigments are different 
within the studied species (Baret and Guyot 1991; Yoder and Waring 1994). 
Additionally, our results are partly in line with the findings of Ullah et al. 
(2012a), who determined the important wavebands for discriminating 
between plant species at leaf level. We too found that waveband 9.4 µm is one 
of the most important wavebands, as it yields sufficient information to 
discriminate between plant species with similar LAI value at canopy level. 

Finally, it should be noted that variation in LAI affects the emissivity of the 
canopy and could potentially affect plant strategies to cope with 
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environmental conditions in cases where a plant needs to regulate energy. 
However, further research is essential to understand the impact of other 
biophysical and biochemical variables on canopy emissivity spectra in the 
TIR region. 

2.5 Conclusions 

This study demonstrated the feasibility of using TIR hyperspectral data to 
explore the influence of LAI on high-resolution emissivity spectra with rising 
LAI values, the canopy emissivity spectra increased. Further, the results also 
demonstrated that different plant species had different canopy emissivity 
spectra even when LAI values were similar. The ability to utilize laboratory 
spectral measurements to analyse the TIR hyperspectral data at canopy level 
is also an encouraging result and the first of its kind. General knowledge on 
the possible relation between vegetation properties and emissivity spectral 
variation for plant species is still limited. Therefore, efforts should be devoted 
to exploring the advantages and limitations of TIR hyperspectral data for 
vegetation studies, especially at the canopy level. This study proved that under 
controlled laboratory conditions, measurements could also be made at canopy 
level, and it has shown that hyperspectral TIR remote sensing data are 
worthwhile analysing in order to study vegetation. 
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Chapter 3 
 
Retrieval of Leaf Area Index in Different Plant 
Species Using Thermal Hyperspectral Data 
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Abstract 

Leaf area index (LAI) is an important variable of terrestrial ecosystems 
because it is strongly correlated with many ecosystem processes (e.g. water 
balance and evapotranspiration) and directly related to the plant energy 
balance and gas exchanges. Although LAI has been accurately predicted using 
visible-near infrared (VNIR, 0.3–1.0 µm), and short-wave infrared 
hyperspectral data (SWIR, 1.0–2.5 µm), LAI estimation using thermal 
infrared (TIR, 8.0-14.0 µm) measurements has not yet been addressed. The 
novel approach of this study is to evaluate the retrieval of LAI using TIR 
hyperspectral data. The leaf area indices were destructively acquired for four 
plant species: Azalea japonica, Buxus sempervirens, Euonymus japonicus, 
and Ficus benjamina. Canopy emissivity spectral measurements were 
obtained under controlled laboratory conditions using a MIDAC (M4401-F) 
spectrometer. The LAI retrieval was assessed using a partial least squares 
regression (PLSR), artificial neural networks (ANN), and narrow band indices 
calculated from all possible combinations of waveband pairs for three 
vegetation indices including simple difference, simple ratio, and normalized 
difference. ANN retrieved LAI more accurately than PLSR and vegetation 
indices (0.67 < R2 < 0.95 versus 11.54 < RMSECV < 31.23, %). The accuracy 
of LAI retrieval did not differ significantly between the vegetation indices. 
The results revealed that wavebands from the 8–12 µm region contain relevant 
information for LAI estimation, irrespective of the chosen vegetation index. 
Moreover, they demonstrated that LAI might be successfully predicted from 
TIR hyperspectral data, even for higher values of LAI (LAI  5.5). The study 
showed the significance of using PLSR and ANN as multivariate methods 
compared to the univariate technique (e.g. narrow-band vegetation indices) 
when hyperspectral thermal data is utilized. We thus demonstrated for the first 
time the potential of hyperspectral thermal data to accurately retrieve LAI. 
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3.1 Introduction 

Among canopy biophysical variables, leaf area index (LAI, m2 m-2) is of 
particular interest, as it is a key input for climate and large-scale ecosystem 
models (Myneni et al. 1997; Wang et al. 2004; Zheng and Moskal 2009). LAI 
has been successfully modeled in the visible/near–infrared 0.3–1.0 µm 
(VNIR) and Short-wave Infrared 1.0–2.5 µm (SWIR) regions of the 
electromagnetic spectrum using hyperspectral and multispectral data (Asrar 
et al. 1984; Zheng and Moskal 2009) and also LIDAR (Riaño et al. 2004) and 
TLS data (Morsdorf et al. 2006). In the VNIR and SWIR regions, vegetation 
indices have been related to LAI through linear or exponential regression 
models (Schlerf et al. 2005). Other studies have confirmed that vegetation 
indices have a decreasing sensitivity to rising LAI values when optical 
multispectral and hyperspectral data are used (Baret and Guyot 1991; Broge 
and Mortensen 2002; Chen 1996; Turner et al. 1999). Darvishzadeh et al. 
(2009), showed that linear and exponential regression models are similarly 
accurate at estimating LAI from hyperspectral data. 

However, to our knowledge, the relation between vegetation indices and LAI 
in the thermal infrared 8–14 µm (TIR) region remains unexplored. Thermal 
infrared data complementary to other remote sensing data and has great 
potential to elucidate the biophysical or biochemical characteristics of 
vegetation (Ullah 2013). In particular, the primary absorption features that are 
associated with certain vegetation components (e.g. water, polysaccharides 
such as cellulose) and leaf structure parameters (e.g. thickness) are only 
observable in the mid-wave infrared 3–5 µm (MIR) and TIR regions (Fabre 
et al. 2011b; Gerber et al. 2011; Ribeiro da Luz 2006). In addition, different 
plant species show not only distinct reflectance curves in the VNIR and SWIR 
regions (Schmidt and Skidmore 2003) but also have distinguishable spectral 
features in the TIR domain (Ribeiro da Luz and Crowley 2010). The TIR 
spectral profiles have been related to plant species leads us to suspect that TIR 
may be used to retrieve vegetation parameters such as LAI.  

There are a number of challenges when using TIR hyperspectral remote 
sensing data for vegetation studies. One is the practical difficulty of accurately 
estimating the emissivity values of plants. In the TIR domain, spectra mainly 
result from the emissivity (radiative emission) of surfaces, rather than from 
their reflectance. In vegetation, emissivity characteristics of leaves are subtle, 
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and variations in vegetation emissivity spectra are small while plants have 
relatively high emissivity value in the TIR region (Ribeiro da Luz and 
Crowley 2007). In addition, only a few instruments measure TIR emissivity 
at high spectral resolution. A new generation of TIR hyperspectral 
instruments operates at wavelengths longer than 2.5 µm with high spectral 
resolution (e.g. MIDAC illuminator Fourier Transform Infrared spectrometer: 
FTIR). These technical developments have created opportunities for 
examining plant emissivity characteristics and understanding the potential use 
of the TIR hyperspectral data in vegetation studies, especially at leaf level. 
TIR hyperspectral data deserves the same level of investigation and 
commitment to exploring and development, as hyperspectral data in the VNIR 
and SWIR domains. Thermal infrared data can be expected to complement 
other remote sensing data. 

Few studies have focused on TIR hyperspectral data for vegetation studies at 
canopy level (Ribeiro da Luz and Crowley 2010; Sepulcre-Cantó et al. 2006), 
and more work needs to be done to understand TIR remotely measured spectra 
from vegetation. When Ribeiro da Luz and Crowley (2010) investigated the 
identification of plant species using canopy spectral features in the TIR region 
(8.0–13.5 µm) from the SEBASS airborne sensor they found that leaves (i.e. 
size and orientation) and canopy gap sizes influence the identification of plant 
species from TIR hyperspectral data at the canopy level. Given their 
preliminary results, as well as those of Ullah et al. (2014), who retrieved leaf 
water content from TIR hyperspectral data, it seems likely that TIR 
hyperspectral data provide a valuable opportunity to retrieve LAI.  

The concept of vegetation indices was developed in the 1970s (Elvidge and 
Chen 1995). Earlier studies illustrated the feasibility of using red and near-red 
infrared bands for vegetation studies (Chen et al. 2005a; Ramoelo et al. 2012). 
Vegetation indices which are calculated from different combinations of bands 
are divided into two main categories: orthogonal and ratio indices (Baret and 
Guyot 1991). The orthogonal indices include indices such as the 
perpendicular index and difference index (Richardson and Weigand 1977; 
Tucker 1979) while the ratio-based indices include indices like simple ratio 
index (Jordan 1969; Pearson and Miller 1972) and normalized difference 
index (Rouse et al. 1974). Consequently, LAI has been estimated in numerous 
studies using hyperspectral data in the VNIR and SWIR regions using 
univariate models such as vegetation indices. This has led to the development 
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of new vegetation indices which have further improved LAI retrieval (Asner 
and Martin 2008; Baret and Guyot 1991; Darvishzadeh et al. 2009; Eriksson 
et al. 2006; Gao et al. 2000; Haboudane et al. 2004; Koetz et al. 2005). 
However, when vegetation indices are used, only a limited number of spectral 
data from the massive spectral content of hyperspectral data are utilized, and 
therefore it has been suggested (De Jong et al. 2003) to use multivariate 
methods, as these benefit from the spectral information from several 
wavebands. These methods include models such as partial least squares 
regression (PLSR) and artificial neural networks (ANN), which as so-called 
“full spectrum methods” employ all available spectral data simultaneously 
(Atzberger et al. 2010) and reduce the effects of multicollinearity as a 
common problem inherent to hyperspectral dataset (Mirzaie et al. 2014). 
However, to our knowledge in the TIR, neither the relation between LAI and 
univariate methods such as vegetation indices nor the relation between LAI 
and multivariate methods in the TIR region, have been explored. Therefore, 
the main objective of this study was to investigate the retrieval of LAI in the 
TIR region, using narrow band indices as well as PLSR and ANN as 
multivariate methods. 

3.2 Materials and methods 

3.2.1 Leaf area index measurements 

Four plant species of the different structure were selected: Azalea japonica, 
an evergreen flowering shrub with ovate leaves; Buxus sempervirens, an 
evergreen shrub with oval leaves; Euonymus japonicus, an evergreen shrub 
with oval leaves, with finely serrated margins; and Ficus benjamina, which 
has glossy, oval leaves with an acuminate tip. Good health and physiological 
conditions of all sampled species were considered. The plants were obtained 
from a nursery and were maintained at a temperate of approximately 20˚C. In 
total, 37 plants were used for sampling. To create variations in LAI and its 
corresponding canopy emissivity measurements, the leaves from the plants 
were harvested in several steps during which the LAI was regularly reduced 
by clipping the foliage. The surface areas of harvested leaves were measured 
at each harvest, using a LI-3000C portable leaf area meter (LICOR, NE, USA) 
with an accuracy of 1 m m2. The instrument was regularly calibrated. As LAI 
measures the one-sided leaf area (m2) per unit of horizontal surface area (m2) 
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(Watson 1947), here the measured surface areas of the leaves (m2) were 
divided by the corresponding ground area of the canopy (m2) to calculate the 
LAI (m2 m-2). The dataset included 37 plant specimens, which yielded 144 
LAI estimates from the destructive sampling. 

3.2.2 Canopy thermal infrared radiance measurement 

The radiance spectral measurements were made using a portable MIDAC 
FTIR spectrometer (Model M4401-F; MIDAC Corporation, CA, USA). The 
MIDAC configuration enables radiance spectra within the spectral range of 
2.5–20 µm to be measured at an adjustable spectral resolution of 32-0.5 cm-1. 
The MIDAC has a liquid nitrogen- cooled Mercury-Cadmium-Telluride 
detector and customized foreoptics that consist of a flat folding mirror on a 
rotational axis, which allows two blackbodies (one hot, one cold) to be 
measured for calibrating each sample. The MIDAC's folding mirror was kept 
at nadir position above the samples. The MIDAC's field of view (using a cut-
off of 5% of the maximum responsivity) has a starting diameter of 53 mm at 
the folding mirror and spreads with about 18 mrad (Eisele et al. 2015). The 
amount of thermal emission varies according to the distance between the 
sample and the sensor (Ribeiro da Luz and Crowley 2007) and reducing 
atmospheric attenuation (Korb et al. 1996) measurements were made with a 
fixed vertical distance between sensor and sample. To create optimal 
measurement conditions and reduce any possible source of errors due to the 
changes in atmospheric conditions or temperature, the measurements were 
made under controlled laboratory conditions in which the walls, ceiling, and 
floor were coated with a black material (Avis Aqua Blackboard Black) and 
black plastic of known emissivity. Traditionally when the emissivity of 
geological samples is measured, they are heated to a temperature above 
ambient condition to create a thermal contrast (Ribeiro da Luz and Crowley 
2007; Salisbury 1998). However, such a treatment stresses plant samples, so 
instead, we reduced the lab temperature to 10˚C in order to generate a suitable 
thermal contrast with the plants, which were at a higher room temperature. In 
addition, plants were kept outside the laboratory at an ambient room 
temperature of 20˚C, and each one was briefly introduced to the cool room in 
order to make the thermal measurements. In this experiment, the background 
soil was covered with black plastic of known emissivity to minimize possible 
effects of soil. The emissivity spectra of the black plastic were measured using 
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a BRUKER Vertex 70 laboratory FTIR spectrometer. The black plastic had a 
very low emissivity so could be assumed to cause minimal interference with 
the radiance measurement of samples. The radiance spectra of the plant 
canopies were measured between wavelengths of 2.5–20 µm at a resolution 
of 2 cm-1. The average of 32 scans was calculated for each LAI sample value. 
The emissivity spectra of plant canopies at each LAI value were obtained 
using a series of FTIR measurements performed in the following order: 
radiance measurements of the hot blackbody, radiance measurement of the 
cold blackbody, radiance measurement of the sample (i.e. the plant canopy 
with specific LAI value), and finally, radiance measurements of a highly 
diffuse reflecting gold plate (Infragold). For instrument radiance calibration, 
two blackbodies (one hot, one cold) were used. Their temperature was 
regularly checked between measurements of each sample. The cold 
blackbody temperature was set just below the ambient temperature, at 5˚C 
(Korb et al. 1996). The hot blackbody temperature was set above the sample 
temperature (Hori et al. 2006; Salvaggio and Miller 2001), at 30˚C. Details of 
the radiometric calibration applied with the measurements of these 
blackbodies' radiances can be found in (Hook and Kahle 1996). 

A diffuse reflecting gold plate with an emissivity of ~ 0.04 was used to collect 
down-welling radiance (DWR) in order to determine the quantitative 
influence of the laboratory background self-emission (Eisele et al. 2015). The 
infragold plate was placed directly under the MIDAC sensor at the same 
distance as the sample. The temperatures of the sample, infragold plate and 
lab were frequently monitored before and after each measurement, using 
thermistors (FLUKE 51 II Thermometer and Precision IR Thermometer) to 
detect any possible changes in temperature that could affect the 
measurements. Changes in temperature can disturb the thermal contrast, 
which then causes the emissivity value to be over- or underestimated. The 
measurement series were taken within five minutes to minimize the possible 
drift of the instrument, physiological changes in the plants, and fluctuations 
in laboratory temperature (Hori et al. 2006). After each set of measurements, 
the canopy was rotated 90˚ clockwise. The final corresponding canopy 
emissivity spectra of each sample (for a specific LAI value), was then 
calculated from the average of four sets of measurements (covering 360˚) (see 
Figure 3.1).  
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Figure 3.1: The canopy emissivity spectra of four plant species in a thermal infrared 
region corresponding between 8 µm and 14 µm. 

3.2.3 Data processing and analysis 

Spectral emissivity of the plants was calculated from their absolute radiance 
using the following equation (Korb et al. 1996),  

ε 	 λ
	

,
                                                                          (1) 

where  (λ) denotes the directional emissivity of the sample at the 
wavelength λ,  (λ) is spectral radiance from the target, is the true 
physical temperature of the sample, , 	is the Planck function at the 
wavelength λ and sample temperature, and  (λ) is total spectral DWR 
from the hemisphere above the sample Direct temperature measurement 
( ) must accurately represent the emission temperature. Therefore, after 
measuring canopy temperature before and after each measurement, the 
blackbody fit method was used to calculate the sample emissivity value. 
Details about the blackbody fit method can be found in Kahle and Alley 
(1992) and Salvaggio and Miller (2001). The emissivity of 279 wavebands 
between 8 µm and 14 µm was selected for analysis; measurements outside 
this range had a very low signal strength. A Savitzky–Golay filter with a frame 
size of 15 data points and second-degree polynomial was used to reduce the 
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noise of the canopy emissivity spectra (Savitzky and Golay 1964). Data were 
analyzed and processed using MATLAB R2013b (Mathwork, Inc.). 

3.2.4 Estimation of leaf area index 

3.2.4.1 Narrow band indices 

Vegetation indices, those used most frequently to derive LAI from optical 
remote sensing data are a simple difference, simple ratio, and the normalized 
difference (Huete et al. 2002). Therefore, in this study, these widely used 
indices were calculated from all the possible paired waveband combinations, 
using canopy emissivity spectra between 8 and 14 µm. To evaluate the 
strength of the relation between proposed indices and LAI, the coefficient of 
determination (R2) of all possible two-waveband combinations of vegetation 
indices (i.e. SD, SR, and ND) and LAI were used. From all these 
combinations, we selected the thermal narrow band indices that performed 
best at estimating LAI, as having the maximum R2 with LAI (Mutanga and 
Skidmore 2004). In addition, the first twenty combination wavebands that 
have highest R2 were identified and the range of combination was provided 
for all species. In our study, a linear regression model was used to model the 
relationship between narrow band indices as the predictor variable and LAI. 
The naming conventions, acronyms, and calculations for the indices are listed 
in Table 3.1. 

Table 3.1: Spectral indices used in this paper. 

No. Name Acronym TIR Equation 

1 Simple Ratio SR * 	/  

2 Normalized Difference ND  

3 Simple Difference SD  

*Where  and  are the canopy emissivity spectra at two different wavebands. 

3.2.4.2 Partial least squares regression 

Hyperspectral data has high spectral dimensionality, and there is a high degree 
of collinearity in adjacent wavebands. PLSR is a popular multivariate 
statistical technique for transforming the wavebands to new orthogonal 
factors or components (Abdi 2003; Helland 1988). PLSR has been broadly 
applied in remote sensing vegetation analysis (Cho et al. 2007; Clevers and 
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Kooistra 2006; Kooistra et al. 2004). Here, the PLSR analysis was used to 
determine the relative contribution of LAI to the 279 wavebands canopy 
emissivity spectra for all the sampled species. The canopy emissivity spectra 
as independent variables were mean-centered before performing the PLSR 
analysis. To avoid over-fitting and prevent collinearity, an optimum number 
of factors was determined, using a cross-validation procedure. The criterion 
for adding an extra factor to the model was that it decreased cross-validated 
root mean squared error (RMSECV) by >2% (Geladi and Kowalski 1986). The 
accuracy of the models was evaluated using RMSECV since the predicted 
samples were not the same as the samples utilized to build the models. In this 
regard, lower values of RMSECV indicate a better fit. All PLSR analyses were 
carried out using the TOMCAT toolbox 1.01 within MATLAB (Daszykowski 
et al. 2007). Since the calibration equation coefficients (β coefficients) 
represent the contribution of each waveband to the model, they were utilized 
to determine the importance of wavebands in the PLSR model. The thresholds 
for β coefficients were specified according to their β coefficients standard 
deviation (Haaland and Thomas 1988). Wavebands with a β coefficient above 
this threshold were considered to be contributing significantly. The sign of the 
β coefficients (i.e. plus or minus) represents the direction of the relationship 
between emissivity spectra and LAI. 

3.2.4.3 Artificial neural networks 

The use of ANN has been found to be an effective alternative to more 
traditional statistical techniques (Danson et al. 2003; Paliwal and Kumar 
2009). The multi-layer perceptron is a broadly utilized neural network in 
remote sensing. In common with most ANN, it consists of various layers: 
inputs, hidden layers, and outputs. In this study, canopy emissivity spectra in 
279 wavebands between 8 µm and 14 µm domains were used for each species 
separately as inputs. For network training, the Levenberg–Marquardt 
(LMANN) algorithm was utilized, as it is one of the common training 
algorithms in backpropagation networks to develop models for LAI 
estimation. There are no rules for determining the optimal number of hidden 
layers. 

However, increasing the number of hidden layers enables the network to 
tackle more complex problems (Atkinson and Tatnall 1997). As the prediction 
performance of an ANN depends on the number of neurons in the hidden 
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layer, the best ANN size was identified by testing different numbers. To avoid 
over-fitting, the early stopping technique was applied. In this technique, 
training stops as soon as performance on a validation data set begins to worsen 
(Nowlan and Hinton 1992). Linear regression analyses were performed 
between the predicted LAI (i.e. the network outputs) and the measured LAI, 
to identify the best ANN model. To reduce undesired effects from the random 
initialization of the optimization routine, the cross-validation procedure was 
repeated 1000 times, and results were averaged. The reliability of the ANN in 
estimating LAI was evaluated using cross-validated coefficient of 
determination (R2

CV) and RMSECV. All analyses were executed using the 
MATLAB neural network toolbox. 

3.2.5 Validation 

A cross-validation procedure also known as the “leave one out method” (Duda 
and Hart 1973), was used to validate the regression models. Cross-validation 
is a method for selecting a model according to its predictive ability (Shao 
1993). In cross validation, each sample is estimated using a model fitted on 
the remaining samples. In other words, each data point is successively ‘‘left 
out” from the data and used as the validation set. The estimated LAI was 
assessed using the cross-validated coefficient of determination (R2

CV), and 
RMSECV in order to identify the best performing narrow band index, PLSR, 
and ANN models. RMSECV has the same unit as the dependent variable; 
however, here the unit of RMSECV is represented in percentage (%) in applied 
methods. 

3.3 Results 

3.3.1 Narrow band indices and leaf area index 

The experimental setup ensured a wide range of variation in LAI. In total, 144 
LAI values varying between 0.60 (m2 m-2) and a maximum of 9.80 (m2 m-2) 
were created (Table 3.2). The plant species with the lowest LAI was Azalea 
japonica (3.35); the highest LAI was found in Buxus sempervirens (9.80). 
Due to the variation in LAI values, the measured emissivity at the canopy 
level exhibited a large variability. 
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Table 3.2: Summary statistics of the leaf area index (LAI) measurements and 
emissivity values for four plant species (n=144). 

Species name 
LAI (m2 m-2) Emissivity value Sample 

Mean Max Min Mean Max Min No. size 

Azalea japonica 1.57 3.35 0.60 0.96 0.99 0.82 10 30 

Buxus sempervirens 4.54 9.80 1.17 0.96 0.99 0.81 10 40 

Euonymus japonicus 3.28 7.43 1.25 0.97 0.99 0.84 11 44 

Ficus benjamina 3.60 8.36 1.04 0.95 0.99 0.81 6 30 

Total 3.25 9.80 0.60 0.95 0.99 0.81 37 144 

 

Before analysis of vegetation indices, the correlation between LAI and canopy 
emissivity spectra of individual wavebands was quantified using Pearson's r. 
There was a positive correlation between LAI and emissivity in the TIR 
domain. Some correlations were statistically significant for wavebands across 
the 8–14 µm range (Figure 3.2). The maximum correlation varied among 
species and was observed almost in different regions of the TIR portion of the 
electromagnetic spectrum. For instance, in Azalea japonica, the maximum 
correlation (r = 0.46, p-value = 0.009) was observed at the 10.0 µm 
wavelength, while for Euonymus japonicus it was also r = 0.46, but p-value < 
0.001 and observed at 9.3 µm, and for Buxus sempervirens, it was r = 0.36, p-
value = 0.04, observed at 9.0 µm. By contrast, for Ficus benjamina the 
maximum value of correlation was (r = 0.48, p-value = 0.006) at 12.0 µm.#. 

(a) 
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(b) 

(c) 

(d) 

Figure 3.2: The relationship between canopy emissivity spectra at individual 
wavelengths and leaf area index in Azalea japonica (a), Euonymus japonicus (b), Ficus 
benjamina (c), and Buxus sempervirens (d). The gray lines represent the wavebands at 
which the canopy emissivity spectra correlated statistically significantly with leaf area 
index. 

 
The R2 between these narrow band indices and LAI were computed. Figure 
3.3 depicts these results for all species in a 2-D correlation plot where the 
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meeting point of each pair of wavebands corresponds to the R2 value of LAI 
and the indices calculated from the emissivity values in those two wavebands. 
Table 3.3 details the highest coefficient of determination between the narrow-
band thermal indices and the LAI, for each species, as well as the position of 
best band combinations. The Table 3.3 shows that the highest R2 value 
obtained between LAI and narrow band indices among species was 0.65 in 
Ficus benjamina and the lowest was 0.44 in Buxus sempervirens. The results 
showed that the highest R2 with LAI across species was obtained using the 
10–12 µm range in combination with the bands in the 8–11 µm range. When 
emissivity measurements of all species were pooled, the R2 between LAI and 
indices dropped. Accordingly, the LAI estimated from the pooled data was 
much less accurate than the LAI values estimated for each individual species 
(SD: R2 = 0.22). For the best performing narrow-band indices, cross-validated 
R2

CV and RMSECV were computed from linear regression models (Table 3.3). 
Overall, LAI for all species was predicted with reasonable accuracy. A 
comparison of R2

CV and RMSECV values of the best performing thermal 
narrow band indices among investigated indices (i.e. SD, SR, and ND) for 
each species revealed no significant differences among the vegetation indices. 
The relationship between measured and estimated LAI in all species is 
presented in Figure 3.4. The scatter plots in Figure 3.4, demonstrated that 
there was a linear relationship between estimated and measured LAI when the 
best waveband combinations were used for the three indices. 
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Table 3.3: The coefficients of determination (R2) of the best performing narrow-band 
indices and LAI, the wavelength positions and the cross-validated R2

CV and RMSECV 
for LAI estimated with a linear regression model. 

Species 
name 

Index R2 

Optimal range 
of combination 

Most 
Sensitive 

wavebands 
Validation 

λ1 
(μm) 

λ2 
(μm) 

λ1 
(μm) 

λ2 
(μm) 

R2
CV 

RMSECV 

(%) 

Ficus 
benjamina 

SD 0.65 
(11.86-
11.92) 

(10.62-
10.80) 

11.92 10.64 
0.60 31.95 

SR 0.65 0.60 31.90 
ND 0.65 0.60 31.87 

Azalea 
japonica 

SD 0.48 
(10.22-
10.35) 

(9.95-
9.99) 

10.28 9.97 
0.38 27.71 

SR 0.48 0.38 27.71 
ND 0.48 0.38 27.71 

Euonymus 
japonicus 

SD 0.64 
(9.83-
9.99) 

(9.24-
9.27) 

9.91 9.25 
0.57 36.87 

SR 0.64 0.57 36.77 
ND 0.64 0.57 36.80 

Buxus 
sempervirens 

SD 0.44 
(9.04-
9.09) 

(8.89-
8.94) 

9.06 8.90 
0.34 41.00 

SR 0.44 0.34 40.98 
ND 0.44 0.34 40.98 

Pooled data 
SD 0.22 

(11.81-
11.92) 

(8.50-
8.52) 

11.86 8.52 
0.19 55.33 

SR 0.22 0.18 55.36 
ND 0.22 0.19 55.29 

 

(a) 



Retrieval of leaf area index in different plant species using thermal hyperspectral data 

44 

(b) 

(c) 

(d) 
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(e) 

Figure 3.3: 2-D correlation plots representing the coefficient of determination (R2) 
between leaf area index and simple difference index for Ficus benjamina (a), Azalea 
japonica (b), Buxus sempervirens (c), Euonymus japonicus (d), and pooled data (e) 
calculated from all possible two-waveband combinations between 8 µm and 14 µm. 

 

(a) 

(b) 
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(c) 

(d) 

(e) 

Figure 3.4: Scatterplot of measured versus predicted leaf area index for the best 
narrow band indices calculated from simple difference for Ficus benjamina (a), Azalea 
japonica (b), Buxus sempervirens (c), Euonymus japonicus (d), and pooled data (e). 
The optimum wavebands are those reported in Table 3.3. 

3.3.2 Partial least squares regression and leaf area index 

The numbers of factors modeled using PLSR were not equal: they ranged 
from three to five per species (Table 3.4). The PLSR regression using TIR 
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spectra yielded the lowest R2 in Azalea japonica and highest R2 in Euonymus 
japonicus. The important wavebands for each species are tabulated in Table 
3.4. Important wavebands in the PLSR model were almost the same as the 
most sensitive wavebands for vegetation indices and were located in the same 
part of the spectrum. For all species, the PLSR models in the TIR region 
yielded better estimates of LAI than the narrow band indices (i.e. resulted in 
a higher R2 and lower relative RMSECV). For instance, the significant 
improvement was noticed when retrieving LAI for Euonymus japonicus, 
where R2 increased from 0.64 to 0.82 and RMSECV decreased from 36.87% 
to 34.06%. Cross-validation results using PLSR for the estimation of LAI for 
all species are presented in Figure 3.5. The LAI estimated from the pooled 
data using PLSR was much less accurate than the LAI values estimated for 
individual species. 

Table 3.4: Performance of partial least squares regression (PLSR), and the 
important wavebands selected by PLSR model for estimating leaf area index.  

Species 
No. of 

Factors 
R2 

RMS 
(m2 m-2)

RMSECV 

(%) 
SD of β 

Coef 
Important 

wavebands (µm) 

Ficus benjamina 3 0.68 0.98 31.26 3.90 
(11.86-11.94), 

8.8, (13.75-14.0) 

Azalea japonica 3 0.54 0.36 19.32 1.70 
(9.7-10.02), 8.4 

& 8.5 
Euonymus japonicus 5 0.82 0.63 34.06 8.02 9.2, (9.9-10.2) 

Buxus sempervirens 5 0.64 1.30 27.403 12.74 
8.1, 9.0, 9.1, 

12.0, 12.1, 12.3, 
12.4, 13.5&13.6 

Pooled data 4 0.22 1.65 56.75   
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(a) 

(b) 

(c) 
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(d) 

(e) 

Figure 3.5: Scatterplot of measured versus estimated leaf area index using entire 
emissivity spectra in partial least squares regression model from 8-14 µm: Ficus 
benjamina (a), Azalea japonica (b), Euonymus japonicus (c), Buxus sempervirens (d), 
and Pooled data (e). 

3.3.3 Artificial neural networks and leaf area index 

A comparative analysis of ANN resulting from the LMANN training 
algorithm is shown in Table 3.5, which demonstrates the prediction accuracy 
of the optimum ANN structure for each species. The most accurate prediction 
of LAI was obtained for Ficus benjamina (R2

CV = 0.95, RMSECV = 11.54, %). 
The highest predicted accuracy using ANN was obtained using three neurons 
per hidden layer. The relationship between estimated and measured LAI using 
ANN models are shown in Figure 3.6. As can be seen, the accuracy estimation 
was slightly increased in comparison with PLSR methods. 
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Table 3.5: Cross-validated results (R2 and RMSE) of the estimated leaf area index 
obtained using neural networks with different inputs (e.g. four plant species), and 
network structures. R2

CV and RMSECV represent average results of 1000 random 
initializations. 

Species Input 
Optimal No. of 

neurons 
R2

CV 
RMSECV 

(%) 
Ficus benjamina 279 bands 3 0.95 11.54 
Azalea japonica 279 bands 4 0.85 14.93 

Euonymus japonicus 279 bands 3 0.86 22.54 
Buxus sempervirens 279 bands 3 0.67 31.23 

Pooled data 279 bands 3 0.69 34.99 

 

(a) 

(b) 
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(c) 

(d) 

(e) 

Figure 3.6: Scatterplot of measured versus estimated leaf area index using LMANN 
training algorithm with 279 wavebands as input data from 8-14 µm: Ficus benjamina 
(a), Azalea japonica (b), Euonymus japonicus (c), Buxus sempervirens (d), and pooled 
data (e). 

3.4 Discussion 

Although it has long been believed that plants are featureless in the TIR region 
(Wong and Blevin 1967), recent studies have put an end to this assertion and 
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showed that different vegetation types have characteristic emissivity signature 
(French et al. 2000; Ribeiro da Luz and Crowley 2007; Ullah et al. 2012a). 
This may partly be explained by the lack of appropriate devices to measure 
radiance or emissivity in the TIR region. This study demonstrates that the 
biophysical properties of vegetation at the canopy level, such as LAI, can also 
be retrieved using canopy emissivity spectra in the 8–14 µm region. The 
differences observed in the relationships between LAI and canopy emissivity 
spectra for individual wavebands as well as the dissimilarity in the position of 
maximum correlations value can be attributed to differences in canopy 
structure, and probably by the biochemical concentrations of the leaves of 
these species. These results highlight the fact that a single thermal waveband 
does not provide sufficient information to explain a biophysical variable such 
as LAI. Narrow band indices utilizing information from two-waveband 
combinations showed higher sensitivity to LAI variability than individual 
spectral bands, which resulted in a higher R2 with LAI values.  

The results demonstrate that like the narrow band indices used in the optical 
domain for LAI estimations (Darvishzadeh et al. 2008a; Schlerf et al. 2005), 
the narrow band combinations from the TIR region can also be utilized to 
retrieve LAI values. Given the results of our experiments, we conclude that 
vegetation indices can accurately predict LAI for single species in the 8–14 
µm thermal region, but not for pooled data of four plant species. The 
emissivity of the TIR spectra may respond to the effects of leaf surface 
composition (i.e. cellulose and cutin) and abundance (e.g. thickness of the 
cutin layer), on the absorption of TIR energy into leaves (Ribeiro da Luz and 
Crowley 2007), as well as canopy structure (i.e. leaf size and orientation) on 
radiance scattering and emissivity spectra (Salisbury 1986). In addition, 
different plant species have a different leaf angle distribution, and as discussed 
by Sellers (1985), this results in the emissivity spectra and LAI being affected 
by the leaf angle distribution. Also, the angular effects on emissivity spectra 
with plants having different proportions of leaves have been demonstrated 
(Sobrino et al. 2005). Another factor potentially compounding the results is 
vegetation water content, which has a significant effect on the emissivity 
spectra of plants through changes in cuticle thickness (Buitrago et al. 2016). 
Since our plants were well watered the effect of changes in vegetation water 
content, have not been considered. Additional effort needs are required to 
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understand the effect of variation in vegetation water content and 
physiological condition on the predicting LAI using TIR emissivity spectra.  

As noted in Table 3.3, for individual species the best performing thermal 
narrow band index was similar in all investigated indices (i.e. SD, SR, and 
ND). However, the best performing thermal narrow band index differed, 
depending on species. This can again be attributed to differences in the 
biochemical and structural properties of the species studied. Obtaining similar 
results for the investigated indices could be due to the fact that our 
measurements were carried out under controlled laboratory conditions, so 
atmospheric or sensor errors were considerably reduced. Compared with the 
narrow band indices all PLSR models achieved relatively high accuracies. 
This may be due to the fact that (two waveband) vegetation indices applied 
only a limited amount of the total emissivity information available, whereas 
the PLSR technique utilized all available spectral wavebands. Our results are 
in agreement with the finding of Darvishzadeh et al. (2008b), who showed 
that compared with narrowband vegetation indices (NDVI: R2 = 0.60, 
RMSECV = 0.34, m2 m-2), PLSR (utilizing all available spectral bands) 
improved the estimation of LAI (R2 = 0.69, RMSECV = 0.32, m2 m-2) in the 
optical domain. Moreover, in both methods (i.e. PLSR and narrow-band 
vegetation indices), the relationship between measured and estimated LAI for 
pooled data was poor, whereas previously LAI estimated with intermediate 
accuracy for pooled data from VNIR hyperspectral data. For instance, Schlerf 
et al. (2005) showed that LAI was predicted with reasonable accuracy from 
hyperspectral remote sensing data (R2 = 0.67, RMSE = 21, %). 

When the ANN was used, the LAI retrieved was more accurate, and the 
estimates were much more accurate than those obtained using PLSR and 
narrow-band vegetation indices. Although a previous study had demonstrated 
that LAI retrieved from the visible reflectance data when using ANN was 
underestimated (RMSE = 0.47), especially for LAI higher than 5 (m2 m-2) 
(Bacour et al. 2006), in our study, the ANN technique was the most accurate 
method for estimating LAI remotely from TIR hyperspectral data even at high 
LAI values. The comparison between the statistical techniques applied in this 
study suggests that ANN significantly (p-value = 0.015) improved estimation 
of LAI in the TIR region (R2 = 0.95, RMSECV = 11.54, %) compared to narrow 
band indices (R2 = 0.65, RMSECV = 31.95, %). Although emissivity spectra 
in the TIR region had a strong logarithmic relation with NDVI in the study by 
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Van de Griend and Owe (1993), here, the relation between predicted and 
measured LAI was linear for all models. This study showed that LAI could be 
predicted reasonably accurately in the TIR region and that it can be estimated 
from VNIR/SWIR data slightly more accurately than from TIR data. 
However, from the scatter plots of paired waveband combinations TIR region 
it is clear that saturation did not occur in some species (e.g. Ficus benjamina), 
not even at the relatively high value of LAI (LAI ≥ 5.5, m2 m-2) (Figures 3.4–
3.6). There is some saturation for Buxus sempervirens around LAI values 
between 8 and 10 (m2 m-2), although saturation still is not observed with a 
LAI value of ~5.5 (m2 m-2). This is a significant advantage of using TIR rather 
than the VIS/SWIR data for modeling LAI because LAI saturates at 
approximately 2.5–5.5 (m2 m-2) in the VIS/SWIR (Asner et al. 2003; Carlson 
et al. 1990; Chen et al. 1997; Sellers 1987). 

3.5 Conclusions 

The results of this study showed that LAI is retrievable from the emissivity 
spectra using multivariate and univariate statistical techniques at the TIR 
region. We further found that all investigated indices were obtained similar 
results for predicting LAI. The LAI of the four species investigated in this 
study were retrieved with different accuracy no matter which statistical 
methods applied. In all the models investigated, a linear relationship was 
found between estimated and measured LAI. The method that most improved 
the estimation of LAI was the ANN. It is concluded that LAI can successfully 
be retrieved from TIR hyperspectral data, even at relatively high values of 
LAI. This study demonstrates proof of concept for measuring LAI using the 
TIR and brings a following interesting challenge: how to upscale the results 
from the laboratory (plant canopy) to field conditions. 
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Chapter 4 
 
Retrieving Vegetation Canopy Water Content 
from Hyperspectral Thermal Measurements 
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Abstract 

The retrieval of vegetation canopy water content using thermal hyperspectral 
(TIR, 8-14 µm) measurements is investigated in this study. Vegetation water 
content indicators such as fuel moisture content (FMC, %, mass-based) and 
equivalent water thickness (EWT, g cm-2, area based) play significant roles in 
plant physiology, as well as in the modelling of fire risk and behavior, 
particularly in forests. Although retrieval of these parameters, in particular, 
EWT, has been demonstrated from optical and TIR measurements, to our 
knowledge their prediction at canopy level in the thermal part of the 
electromagnetic spectrum has not yet been investigated. Therefore, the 
application of hyperspectral TIR data for predicting FMC and EWT 
parameters at canopy level is explored here. The emissivity of spectral data in 
the TIR region is measured for four species (Azalea japonica, Buxus 
sempervirens, Euonymus japonicus, and Ficus benjamina) under controlled 
laboratory conditions, using a portable MIDAC Fourier transform infrared 
spectrometer. EWT, FMC, and their corresponding canopy emissivity 
measurements are assessed by destructive sampling of the leaves. Leaf area, 
as well as fresh and dry mass of the harvested leaves, is determined for all 
four species. Partial least square regression and artificial neural networks, 
using various spectral subsets, are used to predict the two variables of interest. 
Higher estimation accuracies have been obtained for both FMC and EWT at 
canopy level using artificial neural networks. Unexpectedly, the FMC at 
canopy level, as a mass-based variable, more accurately retrieved using either 
method. This is contrary to previous findings using multispectral and 
hyperspectral data. Our results suggest that plant mass may play a greater role 
in determining spectral emissivity than plant area does. 
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4.1 Introduction 

In the past decades, remote sensing has been recognized as a tool to monitor 
and quantify vegetation variables. Canopy biophysical and biochemical 
variables involved in biophysical processes of terrestrial ecosystems (e.g. 
carbon and water cycling) determine how plants respond to environmental 
factors and influence ecosystem processes as well as responses to climate 
change. Vegetation water content is an indication of vegetation physiological 
condition and terrestrial ecosystem status (Claudio et al. 2006). It plays a 
significant role in the understanding of the earth's ecosystem functioning 
(Clevers and Kooistra 2006) when assessing drought status in forestry and 
agriculture (Peñuelas and Filella 1998), or estimating wildfire occurrence 
(Chuvieco et al. 2004). For instance, biochemical processes (e.g. 
photosynthesis and evaporation) are limited by vegetation water content 
(Peñuelas et al. 1994). Flammability in a forest, a critical parameter in fire 
ignition, also depends on vegetation water content (i.e. Fuel moisture content 
(FMC) in forest fire literature). The principal indicators used in remote 
sensing that characterize the amount of water in vegetation are fuel moisture 
content (FMC, %) and equivalent water thickness (EWT, g cm-2) (Colombo 
et al. 2008). EWT is the amount of water per unit leaf area (Clevers et al. 
2010; Hunt and Rock 1989; Jacquemoud and Baret 1990). In remote sensing 
studies, EWT is at times also expressed as vegetation liquid water content 
(Cheng et al. 2006). FMC can be defined as the ratio between the water 
quantity in the fuel (the difference between fresh and dry weight) and either 
the fresh weight or the dry weight  (Ceccato et al. 2001; Danson et al. 1992). 
FMC is highly correlated with risk of wildfire (Chuvieco et al. 2004; Hunt Jr 
et al. 2013) and is described as leaf water content or leaf gravimetric water 
content in remote sensing studies (Buitrago et al. 2016; Ceccato et al. 2002a; 
Ceccato et al. 2001; Colombo et al. 2008; Ullah et al. 2014). In this study, 
EWT and FMC are considered to be indicators for area-based and mass-based 
vegetation water content, respectively. Area-based variables are valuable 
from a plant physiological point of view. Transpiration, respiration, gas 
exchange (e.g. uptake of CO2 and H2O), as well as plant physiochemical 
processes of photosynthesis (e.g. carbon fixation), occur as a flux per unit leaf 
surface area (Hikosaka 2004; Lloyd et al. 2013). Mass-based parameters are 
important for estimating carbon flux, as well as growth in leaves. 
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In the past decades, retrieval of these variables from remote sensing data was 
investigated using a broad range of approaches (Gao 1996; Gao and Goetzt 
1995; Serrano et al. 2000). The majority of these studies focused on the 
visible, near-infrared (VNIR, 0.3-1.0 µm), and shortwave-infrared (SWIR 
1.0-2.5 µm) regions (Ali et al. 2015; Ceccato et al. 2002a; Clevers and 
Kooistra 2006; Clevers et al. 2010; Dawson et al. 1999; Jin and Liu 1997; 
Kalaitzidis et al. 2010; Laurin et al. 2014; Mirzaie et al. 2014; Qi et al. 2014; 
Tucker 1980; Ustin et al. 1998; Yebra et al. 2013), as well as on mid-wave 
infrared (2.5-6 µm) (Ullah et al. 2013). Estimation of EWT and FMC using 
remote sensing data has posed different challenges. Verbesselt et al. (2007) 
and Chuvieco et al. (2003) state that operational estimation of EWT is difficult 
in the field because it requires the calculation of leaf area; while Jacquemoud 
and Baret (1990) demonstrate that it is a challenge to predict FMC due to the 
difficulty in calculating vegetation dry matter content (DMC, g m-2). Despite 
the fact that both EWT and FMC provide information on the amount of water 
present in vegetation, estimation of EWT using empirical and physical models 
has been more successful than FMC when using remote sensing data 
(Colombo et al. 2008). Moreover, it has been demonstrated that EWT relates 
better to spectral reflectance measurement (Ceccato et al. 2002b; Danson and 
Bowyer 2004) and its estimation is less problematic than FMC’s from remote 
sensing data in the VNIR and SWIR regions (Colombo et al. 2008; Danson 
and Bowyer 2004). In contrast, it is hard to generalize the relationship 
between FMC and spectral reflectance as the found relationships in the optical 
domain (VNIR/SWIR) differ in previous studies (Chuvieco et al. 2003; 
Chuvieco et al. 2002; Paltridge and Barber 1988; Pinol et al. 1998). In this 
respect, using thermal infrared hyperspectral data (TIR, 8-14 µm) opens new 
opportunities for estimating FMC for vegetation studies, particularly in 
forestry applications to model the fire risk. 

To our knowledge, spectral emissivity from hyperspectral thermal data has 
been poorly studied in the past and has not yet been used to retrieve EWT and 
FMC from multiple plant species at canopy level. A few studies have 
attempted to relate emissivity spectra in the TIR domain to vegetation water 
content at leaf level using hyperspectral TIR data (Buitrago et al. 2016; Ullah 
et al. 2012b). Recently, Ullah et al. (2014) revealed that the MIR domain is a 
highly sensitive spectral region for estimating water content at the leaf level, 
using narrow band indices developed from hyperspectral MIR and TIR data. 
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Their findings show that the optimal narrow-band indices in the TIR region 
are the wavebands 11.31 μm and 11.46 μm. 

Additionally, little is known about properties of vegetation in the TIR region, 
while the TIR offers a wide atmospheric window with large transparency 
which makes this region suitable for remote sensing studies (Clerbaux et al. 
2011). Remote sensing data from the VNIR-SWIR alone is not sufficient to 
explain the structural and chemical characteristics of vegetation. For instance, 
the spectral features resulting from the combination of primary absorption 
features in the VNIR and SWIR regions, make it challenging to link particular 
wavebands to an individual chemical constituent, due to overlapping 
absorption features of plant biochemical contents (Kokaly et al. 2009). 
Moreover, the spectral profiles of plant species in the VNIR and SWIR 
regions are mostly similar in shape because reflectance spectra in these 
regions are conquered by absorption features of chemical components 
weighted by their concentrations and to a great extent, masked by water 
(Kokaly and Clark 1999). In contrast, recent studies in the TIR domain 
demonstrated that leaf water content is the most important parameters 
associated with variations in TIR spectra (Buitrago et al., 2017), and also that 
the response of emissivity spectra (in particular for fresh leaves) are linked to 
structure and thickness of cuticle as well as leaf water content (Buitrago et al. 
2016). 

To scale EWT and FMC up from leaf level up to canopy level requires 
considering leaf area index (LAI, m2 m-2) as an indispensable variable. This 
study considers both EWT and FMC variables at canopy level (hereafter 
referred to as EWTC and FMCC, respectively) and reflects on the applicability 
of emissivity spectra from hyperspectral TIR data to estimate the EWTC and 
FMCC, using partial least square regression (PLSR) and artificial neural 
networks (ANN). To estimate these variables from emissivity spectra in the 
TIR region, we conducted a laboratory experiment, measuring emissivity 
spectra for four plant species in the thermal infrared between 8 μm and 14 μm. 
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4.2 Materials and methods 

4.2.1 Vegetation measurements 

Four different plant species were selected: Azalea japonica (Azalea) (n = 10), 
Buxus sempervirens (Common box) (n = 10), Euonymus japonicus (Japanese 
spindle) (n = 11), and Ficus benjamina (Weeping fig) (n = 6). To create 
variation in the variables values of interest (i.e. EWTC and FMCC) and their 
corresponding canopy emissivity, leaves from different layers of the canopy 
were randomly removed in 3 to 4 consecutive steps (depending on the plant 
size) hence after each removal phase, the total value of the considered 
variables was lowered. The destructive sampling of the 37 plants thus yielded 
144 estimates for both EWTC and FMCC. The leaf harvesting was executed 
within a couple of hours to minimize possible changes in the plant's 
physiological status, such as stomatal conductance, and to capture the 
potential interference of different physiological processes as a result of these 
defoliations. The leaf area of the harvested leaves was measured using a LI-
3000C portable leaf area meter (LICOR, NE, USA).  

4.2.2 Calculation of vegetation water indicators 

The mass of the freshly harvested leaves from each sample was precisely 
weighed, using a digital weight balance with a 100 µg accuracy, immediately 
after harvesting. Leaves were then oven-dried at 75˚C for 48 hours until a 
constant weight was attained. EWT was computed using the following 
equation (Colombo et al. 2008): 

                                                                                               (1) 

where  and  stand for a given sample’s fresh and dry mass, respectively, 

A is sample leaf area and, Pw is a physical constant representing the density of 
pure water (1 g cm−3).  

LAI is the one-sided leaf area (m2) per unit of horizontal surface area (m2) 
(Watson 1947). To calculate the LAI (m2 m-2), the measured surface areas of 
the leaves (m2) were divided by the corresponding ground area of the canopy 
(m2). By multiplying EWT with the LAI, the total canopy water content per 
unit of ground area (EWTC, g cm-2) is obtained (Clevers et al. 2010; Yebra et 
al. 2013): 
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                                                                                   (2) 

EWT and FMC refer to two different quantities and describe vegetation water 
content in a different way (Ceccato et al. 2001; Ghulam et al. 2007). Several 
methods have been proposed to measure FMC. 

Since FMC is controlled and determined by EWT and dry matter content 

(DMC) according to 	  (Jacquemoud and Baret 1990), 

Riaño et al. (2005) predicted FMC by separately predicting EWT and DMC. 
They assumed vegetation DMC to be constant throughout the year. However, 
this assumption is not necessarily valid, particularly during drought periods. 
Garnier et al. (2001), observed that vegetation DMC decreased during a 
period of drought due to reduced productivity. In addition, these variables (i.e. 
EWT and DMC) are entirely independent of each other. Therefore, in this 
study, the most common equation (3) which is used by many researchers 
(Chuvieco et al. 1999; Desbois et al. 1997) is applied to calculate FMC. For 
scaling up of FMC, Hunt et al. (2012) estimated FMCC by multiplying leaf 
EWT and DMC by LAI. In this respect, FMCC is estimated by multiplying 
FMC by LAI.  

	 	
100                                                                                  (3) 

	 	
                                                                                (4) 

4.2.3 Laboratory conditions 

To create optimal measurement conditions and reduce any possible error from 
changing atmospheric conditions or temperature, measurements were carried 
out under controlled laboratory conditions, with walls, ceiling, and ground 
coated with a black material (Avis Aqua Blackboard Black) and plastic of 
known emissivity. The traditional procedure when measuring emissivity is to 
heat samples (e.g. geological samples) to a temperature above the ambient 
condition to create a thermal contrast (Ribeiro da Luz and Crowley 2007; 
Salisbury 1998). However, such treatment stresses plant samples, so instead 
we held the laboratory temperature at 10°C, thus generating a suitable thermal 
contrast with the plants, which were kept at room temperature (20°C) and only 
briefly (individually) transferred to the cool laboratory room to make the 
spectral measurements. Because Cheng et al. (2006) revealed that EWTC is 
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under-estimated in a semi-arid ecosystem due to a significant proportion of 
the soil background being mistakenly included as canopy closure, the 
background soil was covered with black plastic of known emissivity to 
minimize possible soil effects. We measured the emissivity spectra of the 
black plastic using a BRUKER Vertex 70 laboratory FTIR spectrometer. The 
black plastic had low emissivity and was assumed to cause minimal 
interference with the thermal radiance measurements of the samples (60 cm). 

4.2.3.1 Canopy spectroscopic measurement 

4.2.3.1.1 Thermal infrared emission spectroscopy 

The radiance spectra were measured using a portable FTIR spectrometer 
(Model M4401-F; MIDAC Corporation, CA, USA). The MIDAC 
configuration enables measurement of radiance spectra within the spectral 
range of 2.5 μm to 20 μm with an adjustable spectral resolution of 32 to 0.5 
cm-1 (Eisele et al. 2015). The MIDAC has a liquid-nitrogen-cooled Mercury-
Cadmium-Telluride (MCT) detector and customized foreoptics that consist of 
a flat folding mirror on a rotational axis, which allows measurements of two 
internal blackbodies (hot and cold) for calibration and measuring each sample. 
The MIDAC's folding mirror was kept at nadir position above the samples. 
The MIDAC's field of view (using a cut-off point of 5% of the maximum 
responsivity) has a starting diameter of 53 mm at the folding mirror and 
spreads with about 18 mrad. Since the amount of thermal emission varies 
according to the distance between the sample and the sensor (Ribeiro da Luz 
and Crowley 2007), and in order to reduce atmospheric attenuation (Korb et 
al. 1996), measurements were made with a fixed vertical distance between 
sensor and sample. 

4.2.3.1.2 Radiometric calibration and down-welling radiance 
  measurements 

The emissivity spectra of plant canopies were obtained using a series of FTIR 
measurements performed in the following order: radiance measurements of 
the hot blackbody, radiance measurement of the cold blackbody, radiance 
measurement of the sample (the plant canopy), and finally, radiance 
measurements of a highly diffuse reflecting gold plate (Infragold®). The 
temperature of the hot and cold blackbodies was checked between the 
measuring of each sample. The cold blackbody temperature was set just below 
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the ambient temperature, at 5°C (Korb et al. 1996). The hot blackbody 
temperature was set above the sample temperature, at 30°C (Hori et al. 2006; 
Salvaggio and Miller 2001). Details of the radiometric calibration of the 
blackbodies radiances can be found in Hook and Kahle (1996). A diffuse 
reflecting gold plate with an emissivity of ~ 0.04 was used to measure down-
welling radiance (DWR) to correct radiance measurements and determine any 
significant influence of laboratory background emissions (Eisele et al. 2015). 
The infragold plate was placed directly under the MIDAC sensor at the same 
distance as the sample. The temperature of the sample, the infragold plate, and 
the laboratory was frequently monitored before and after each measurement, 
using thermistors (FLUKE 51 II Thermometer and Precision IR 
Thermometer) to detect any possible changes in temperature. Such changes 
in temperature could disturb the thermal contrast and result in over- or under-
estimation of the emissivity values. The measurement series took less than 
five minutes each to minimize possible temperature drift of the instrument, 
physiological changes in the plants, and fluctuations in laboratory temperature 
(Hori et al. 2006).  

4.2.3.2 Canopy radiance measurements 

The radiance spectra of the plant canopies were measured at wavelengths of 
2.5 μm and 20 μm with a resolution of 2 cm-1. On average, 32 scans were 
performed for each sample. The canopy emissivity measurements included 
279 wavebands between 8 μm and 14 μm. Measurements outside this range 
had the very low signal strength and were therefore excluded from further 
analysis. After each set of measurements, the canopy was rotated 90 degrees 
clockwise, and the series of measurements was repeated until the canopy was 
fully rotated. The final corresponding canopy emissivity spectra of each 
sample for a particular value of FMCC and EWTC was then calculated from 
the average of four sets of measurements (covering 360 degrees). The position 
of the MIDAC sensor above the canopy was kept constant. In total, 576 
(4 144) canopy radiance measurements were obtained from the four plant 
species. 

4.2.4 Data pre-processing  

Spectral emissivity of the plants was calculated from their absolute radiance 
using the following equation (Korb et al. 1996), 
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ε 	 λ
	

,
                                                                           (5) 

where ε 	 λ  denotes the directional emissivity of the sample at wavelength 
λ, L 	 λ  is the spectral radiance from the target, T  is the actual physical 
temperature of the sample, B λ, T 	is the Planck function at wavelength λ 
and the sample temperature, and L λ  is the total spectral DWR from the 
hemisphere above the sample. To retrieve canopy surface emissivity, the 
information regarding the precise surface temperature (T ) at the time of 
the measurement is essential. Therefore, despite measuring canopy 
temperature before and after each measurement, the blackbody fit method was 
used to estimate the exact sample surface temperature value at the time of 
measurement. Details on the blackbody fit method can be found in Kahle and 
Alley (1992) and Salvaggio and Miller (2001). A Savitzky–Golay filter with 
a frame size of 15 data points and second- degree polynomial was used to 
reduce the noise in the canopy emissivity spectra (Savitzky and Golay 1964). 
Data were analyzed and processed using MATLAB R2013b (Mathwork, Inc). 

4.2.5 Estimation of variables 

4.2.5.1 Partial least square regression  

Hyperspectral data have a high dimensionality and also a high degree of 
collinearity in adjacent wavebands. This challenge is somewhat overcome 
using partial least squares regression (PLSR), one of the most used 
multivariate statistical techniques in hyperspectral studies, which transforms 
the variables into new orthogonal (Abdel-Rahman et al. 2014; Abdi 2010; 
Chin et al. 2003). PLSR has been broadly applied as a multivariate 
quantitative technique in remote sensing vegetation analysis (Cho et al. 2007; 
Kooistra et al. 2004). It is a successful empirical approach to derive 
biochemical and biophysical properties from canopy spectral data in the 
VNIR (Asner and Martin 2008; Darvishzadeh et al. 2008b; Mirzaie et al. 
2014), as well as biochemical and biophysical variables at both leaf and 
canopy level from emissivity spectra in the TIR region (Neinavaz et al. 2016c; 
Ullah et al. 2014). It is a “full spectrum” method, which has the advantage 
that it makes use of all available spectral wavelengths (Haaland and Thomas 
1988). Here, the PLSR analysis was used to determine the relative 
contribution of the 279 wavebands of the canopy emissivity spectra 
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(independent variables) to explain variation in EWTC and FMCC for all the 
sampled species. The canopy emissivity spectra as independent variables 
were mean-centered before performing the PLSR analysis. An optimal 
number of factors was determined to avoid overfitting and to prevent 
collinearity, using cross-validation procedures with the root mean squared 
error (RMSECV) as a quality indicator. An optimal number of factors indicates 
the number of the extracted factor for which the total prediction error is 
minimized. A cross-validation procedure, also known as the ‘‘leave one out 
method” (Duda and Hart 1973), is a method for selecting a model according 
to its predictive ability (Shao 1993). In cross-validation each data point is 
successively “left out” from the data and used as the validation set. The 
criterion for adding an extra factor to the model was that it would decrease the 
RMSECV by > 2% (Geladi and Kowalski 1986). Details on the basic PLSR 
algorithm can be found in Geladi and Kowalski (1986) and Williams and 
Norris (1987). All PLSR analyses were carried out using the TOMCAT 
toolbox 1.01 within MATLAB (Daszykowski et al. 2007). Since β 
coefficients represent the contribution of each waveband to the model, they 
were utilized to determine the importance of wavebands in each fitted PLSR 
model. The thresholds for β coefficients were specified according to their 
standard deviations. Wavebands with a β coefficient above this threshold were 
considered to be contributing significantly. The sign of the β coefficients (i.e. 
plus or minus) represents the direction of the relationship between emissivity 
value (i.e. independent variable) and FMCC and EWTC (i.e. dependent 
variable). The higher absolute value of β coefficients represents the stronger 
relation.  

4.2.5.2 Artificial neural networks 

The use of artificial neural networks (ANN) has been shown to be an effective 
alternative to more traditional statistical techniques (Paliwal and Kumar 
2009). Recently, Neinavaz et al. (2016c) demonstrated the significance of 
using ANN for the prediction of LAI using hyperspectral TIR data. The multi-
layer perceptron is a broadly utilized neural network in remote sensing studies 
(Atzberger 2004; Mirzaie et al. 2014). A typical ANN consists of different 
types of layers, namely: input layers, hidden layers, and output layers. Three 
different data sets were employed as input layer, comprising (1) all available 
canopy emissivity values in 279 wavebands between 8 μm and 14 μm 
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(labelled as ANW); (2) the most important wavebands which were identified 
from PLSR analysis (labelled as IPW); (3) the best performing narrow bands 
as determined by Ullah et al (2014) (labelled as UIPW). For network training, 
two algorithms were considered: the Levenberg-Marquardt (LMANN) and 
the Scaled Conjugate Gradient (ScgANN) algorithm, and they were applied 
as two common training algorithms in back-propagation networks to develop 
models for the estimation of our variables of interest. Although there are no 
rules that determine the optimal number of hidden layers, an increase in the 
number of hidden layers enables the network to tackle more complex 
problems (Atkinson and Tatnall 1997). For instance, Skidmore et al. (1997) 
revealed that higher accuracy is obtained with three hidden layers, than with 
two or one. As the prediction performance of ANN depends on the number of 
neurons in the hidden layer, the best ANN size was identified by testing 
different numbers. The early stopping technique was utilized to avoid 
overfitting problems. In this technique, training stops as soon as performance 
on a validation data set begins to worsen (Nowlan and Hinton 1992). 
Furthermore, linear regression analyses were performed between the 
predicted and the measured values of EWTC and FMCC to determine the best 
ANN model. The cross-validation procedure was repeated 1000 times, and 
results were averaged to reduce unfavorable effects from the random 
initialization of the optimization routine. The reliability of ANN in estimating 
our variables was evaluated using the cross-validated coefficient of 
determination (R2

CV) and the cross-validated root mean squared error 
(RMSECV). All analyses were carried out using the MATLAB neural network 
toolbox. 

4.3 Results 

4.3.1 Relationship between canopy variables and emissivity 
spectra  

The measured EWTC and FMCC values demonstrated a wide range [0.02-0.2 
for EWTC; and 0.51-6.99 for FMCC] due to the variation in the leaf shapes 
and sizes of the plants. As can be observed from Table 4.1, Azalea japonica 
has the lowest value for EWTC and FMCC, while Ficus benjamina and Buxus 
sempervirens have the highest values for FMCC and EWTC, respectively. 
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Table 4.1: The statistics of the variables measured per plant species. LAI represents 
the leaf area index (m2 m-2); EWTC is the canopy equivalent water thickness (g cm-

2), EWT is the equivalent water thickness (g cm-2), FMCC is the canopy fuel moisture 
content, and FMC is the fuel moisture content (%). 

Species Variables Min Max 
Mean Std. 

Deviation 
Sample 

size Statistic SD. Error

B
ux

us
 

se
m

pe
rv

ir
en

s LAI 1.17 9.80 4.54 0.34 2.14 

30 
EWTC 0.03 0.20 0.10 0.00 0.04 
EWT 0.01 0.08 0.02 0.00 0.01 
FMCC 0.79 5.09 3.04 0.26 1.32 
FMC 46.54 84.58 69.21 1.77 8.68 

A
za

le
a 

ja
po

ni
ca

 LAI 0.60 3.35 1.57 0.09 0.54 

30 
EWTC 0.02 0.08 0.04 0.00 0.01 
EWT 0.02 0.04 0.03 0.00 0.00 
FMCC 0.51 2.60 1.25 0.07 0.42 
FMC 71.00 80.42 75.32 0.51 2.81 

E
uo

ny
m

us
 

ja
po

ni
cu

s LAI 1.25 7.43 3.28 0.19 1.32 

44 
EWTC 0.08 0.16 0.11 0.00 0.02 
EWT 0.03 0.05 0.03 0.00 0.00 
FMCC 1.43 3.68 2.37 0.15 0.68 
FMC 74.79 80.18 78.46 0.33 1.46 

F
ic

us
 

be
nj

am
in

a LAI 1.04 8.36 3.60 0.32 1.80 

30 
EWTC 0.03 0.19 0.10 0.00 0.04 
EWT 0.2 0.5 0.03 0.00 0.00 
FMCC 0.99 6.99 3.11 0.27 1.52 
FMC 79.88 95.00 87.04 0.73 4.03 

 

The correlation between EWT and LAI, as well as FMC and LAI, were 
quantified using the coefficient of determination (R2). The results reveal that 
LAI has a negative correlation with EWT (R2 = 0.25) and FMC (R2 = 0.05). 
In addition, the result showed that the poor correlation exists between EWT 
and FMC (R2 = 0.20) which confirms these variables effectively reflecting 
different properties. 
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(a) 

(b) 

(c) 

Figure 4.1: Measured leaf area index (m2 m-2) versus measured equivalent water 
thickness (g cm2) (a), and fuel moisture content (%) (b), and measured equivalent water 
thickness versus measured fuel moisture content (c). 



Chapter 4 

69 

4.3.2 Partial least square regression and vegetation water 
content variables 

The most important wavebands for each species identified in the PLSR model 
are tabulated in Table 4.2. The number of factors included in each PLSR 
model ranges from three to five per species. The β coefficients associated with 
the PLSR model for estimation of EWTC and FMCC across the species and 
pooled data are shown in Figure 4.2. As can be seen in Table 4.2, among the 
investigated species EWTC and FMCC have been accurately retrieved for 
Azalea japonica and least accurately retrieved for Buxus sempervirens. In 
addition, the results show that FMCC is predicted more accurately than EWTC. 

Table 4.2: The performance of partial least square regression for estimating canopy 
equivalent water thickness (EWTC, g cm-2), and canopy fuel moisture content 
(FMCC). RMSECV is the relative cross-validated root mean squared error and R2 is 
the coefficient of determination. 

Species Variable 
No. of 

Factors 
R2 RMSECV 

SD of 
β Coeff 

Important 
wavebands (µm) 

Ficus 
benjamina 

EWTC 3 0.67 0.02 0.09 
8.8, 10.6, 10.7, 10.8, 

13.2-13.5 

FMCC 4 0.75 0.87 3.76 
8.8, 11.9, 12.0, 13.7-

14 

Azalea 
japonica 

EWTC 5 0.81 0.00 0.03 8.0, 8.1, 8.2, 8.8, 10.4 

FMCC 5 0.80 0.18 3.36 8.3-8.6, 8.8, 9.5 

Euonymus 
japonicus 

EWTC 4 0.78 0.01 0.13 
8.3, 8.8, 9.6, 9.8, 9.9, 

10.4, 10.5 

FMCC 3 0.80 0.44 4.41 
8.1, 8.3, 8.8, 9.6, 9.9, 

10.0, 10.3-10.5 

Buxus 
sempervirens 

EWTC 4 0.58 0.02 0.08 
8.0, 8.5, 8.8, 9.2-9.5, 
11.1, 13.5, 13.8-14.0 

FMCC 5 0.73 0.70 7.03 
8.0, 8.8, 9.0, 9.1, 9.3, 
11.1, 12.0-12.3, 12.5, 

13.0, 13.5 

Pooled data 

EWTC 5 0.39 0.03 0.11 
8.8, 9.0, 9.4, 9.6, 

10.1, 11.4, 11.8,11.9, 
12.3, 14.0 

FMCC 5 0.42 1.07 3.77 
8.7, 8.8, 9.4-9.7, 

10.1, 11.1, 11.7-11.9, 
13.7 
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(a) (b) F i g u r e 4 . 2 : T h e β c

Figure 4.2: The β coefficients associated with the PLSR model for canopy equivalent 
water thickness (EWTC) (left side diagrams), and canopy fuel moisture content 
(FMCC) (right side diagrams) for the four species The threshold is based on the 
corresponding standard deviation of the β coefficient. 
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4.3.3 Estimating vegetation water content using artificial 
neural networks 

A comparative analysis of ANN, resulting from the LMANN and ScgANN 
training algorithms with different network inputs, is tabulated in Table 4.3 and 
presents the estimated accuracy of the optimal ANN structure for each 
species. The reliability of ANN for estimating EWTC and FMCC is confirmed 
by the high values of R2

CV and low values of RMSECV. The most remarkable 
result is that FMCC is retrieved with higher accuracy than EWTC for all four 
species. As can be seen in Table 4.3, in general, FMCC and EWTC are more 
accurately estimated with the LMANN than with the ScgANN training 
algorithm. This can be seen clearly in the estimation of both variables for 
Ficus benjamina, Azalea japonica, as well as the pooled data. However, for 
Euonymus japonicus the variables are more accurately estimated using the 
ScgANN algorithm; this is also the case for the EWTC in Buxus sempervirens 
with all 279 narrow wavebands as network input. Of the four species, 
Euonymus japonicus displays the most accurate estimation of FMCC (R2

CV = 
0.89 and RMSECV = 0.007) and EWTC (R2

CV = 0.91 and RMSECV = 0.18). As 
can be seen in Table 4.3, wavebands important for estimating water content 
at leaf level (Ullah et al. 2014) used in ANN, result in the lowest accuracy for 
both FMCC and EWTC. The highest predicted accuracy using ANN is 
obtained using two and seven neurons, respectively, in hidden layers for 
EWTC and FMCC. The relationship between estimated and measured EWTC, 
and FMCC using ANN models is shown in Figure 4.3. Additionally, the results 
in Table 4.3 demonstrate that using the most important wavebands, identified 
with PLSR as the network input, leads to higher prediction accuracy, than 
using all the 279 available wavebands does among four plant species. 
However, as can be seen from Table 4.3, using all 279 wavebands as network 
input achieved a higher prediction accuracy for the pooled data for both EWTC 
and FMCC variables. 
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Table 4.3: Cross-validated results (R2
CV and RMSECV) of estimated canopy 

equivalent water thickness (EWTC) and canopy fuel moisture content (FMCC), 
obtained using artificial neural networks with different network inputs structures. 

Species Input 
Training 
algorithm 

FMCC EWTC 

No. of 
neuron 

R2
CV RMSECV  

No. of 
neuron 

R2
CV RMSECV   

F
ic

us
 

be
nj

am
in

a 

ANW 
LMANN 

6 0.76 0.77 1 0.67 0.02 
IPW 6 0.90 0.49 5 0.88 0.01 

UIPW 7 0.21 1.38 2 0.49 0.03 
ANW 

ScgANN 
5 0.71 0.88 3 0.53 0.03 

IPW 6 0.80 0.71 4 0.78 0.02 
UIPW 5 0.20 1.39 4 0.26 0.04 

A
za

le
a 

ja
po

ni
ca

 

ANW 
LMANN 

1 0.78 0.23 3 0.75 0.00 
IPW 1 0.91 0.13 2 0.57 0.01 

UIPW 3 0.57 0.28 7 0.46 0.01 
ANW 

ScgANN 
6 0.75 0.23 7 0.47 0.01 

IPW 7 0.85 0.17 4 0.48 0.01 
UIPW 6 0.26 0.37 6 0.39 0.01 

E
uo

ny
m

us
 

ja
po

ni
cu

s 

ANW 
LMANN 

6 0.68 0.39 6 0.52 0.01 
IPW 7 0.92 0.19 2 0.89 0.00 

UIPW 6 0.21 0.67 6 0.30 0.02 
ANW 

ScgANN 
4 0.83 0.31 3 0.82 0.00 

IPW 6 0.81 0.34 2 0.74 0.01 
UIPW 6 0.17 0.63 6 0.19 0.02 

B
ux

us
 

se
m

pe
rv

ir
en

s ANW 
LMANN 

5 0.86 0.51 5 0.62 0.02 
IPW 3 0.91 0.41 5 0.70 0.02 

UIPW 7 0.28 1.57 3 0.41 0.03 
ANW 

ScgANN 
6 0.65 0.84 4 0.65 0.02 

IPW 6 0.79 0.61 5 0.69 0.02 
UIPW 6 0.19 1.23 6 0.16 0.03 

po
ol

ed
 d

at
a 

ANW 
LMANN 

5 0.74 0.76 5 0.51 0.03 
IPW 5 0.57 0.90 7 0.50 0.03 

UIPW 7 0.24 1.17 5 0.19 0.03 
ANW 

ScgANN 
5 0.50 0.95 5 0.49 0.03 

IPW 5 0.39 1.06 4 0.38 0.03 
UIPW 6 0.15 1.25 5 0.13 0.04 
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(a) (b) 

Figure 4.3: Scatterplots of measured versus estimated canopy equivalent water 
thickness (a), and canopy fuel moisture content (b) for the four species Ficus 
benjamina, Azalea japonica, Euonymus japonicus, Buxus sempervirens, and Pooled 
data. The blue line represents a first order (linear) regression. 
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4.4 Discussion  

This study attempts to highlight how emissivity spectra from the TIR region 
can estimate mass based canopy water content (FMCC) and area based canopy 
water content (EWTC) with statistical methods (i.e. PLSR) and machine 
learning algorithms (i.e. ANN). Previous literature shows that EWTC as an 
area-based variable can be estimated from water absorption features in the 
VNIR and SWIR spectral domains (Bowyer and Danson 2004; Mirzaie et al. 
2014). However, estimating the relationship between FMCC and spectral data 
in the optical region remains problematic (Chuvieco et al. 2003; Paltridge and 
Barber 1988). It seems that spectral information from these VNIR and SWIR 
is not adequate for retrieving FMCC due to the internal structure of leaves as 
well as the influence of vegetation DMC (Bowyer and Danson 2004; Ceccato 
et al. 2001). Our results demonstrate that both variables can be predicted 
reasonably well from TIR emissivity spectra. However, we demonstrate that 
mass-based canopy water content can be more accurately retrieved across 
species from hyperspectral TIR data (Tables 4.2 and 4.3) than area-based 
canopy water content. A possible justification for FMCC being predicted more 
accurately than EWTC using emissivity spectra may be the relation between 
FMCC and the combination of heat flow and mass. FMCC as a mass-based 
variable indirectly represents temperature and light use efficiency and also 
represents the water availability in the plant (Yebra et al. 2013).  

In this study, FMCC and EWTC are calculated respectively by multiplying 
FMC and EWT with the LAI, which can be a proxy of mass. Recently 
Neinavaz et al. (2016b) found that there is a positive correlation between LAI 
and TIR emissivity spectra. As can be observed in Figure 4.1, the correlation 
between LAI and EWT is higher (R2 = 0.25) than between LAI and FMC (R2 
= 0.05). Therefore, when using LAI, one may expect to retrieve EWTC with 
higher accuracy than FMCC. However, this is not observed here. As FMC 
does not scale with LAI, which means that canopies with similar FMC may 
have varying LAI values (Figure 4.1) and, consequently, differing spectral 
responses (Bowyer and Danson 2004; Yebra et al. 2013). In addition, our 
results show that both FMCC and EWTC can be predicted with higher accuracy 
than LAI using TIR hyperspectral data (Neinavaz et al. 2016c). 

Although our study reveals that LAI was correlated with EWT (leaf level), 
this relationship might not always be strictly valid under all conditions and 
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may have different temporal (daily or seasonal) trends or vary across 
ecoregions (Trombetti et al. 2008). It should be noted that besides LAI some 
other factors such as canopy structure, temperature, species physiology as 
well as the environmental conditions can have an influence on the amount of 
water content in vegetation (Serrano et al. 2000; Trombetti et al. 2008). In this 
study, due to the stable conditions provided during the laboratory 
measurements, potential variation caused by environmental conditions (e.g. 
temperature) may be ignored. However, further experimental work is required 
to confirm this assertion.  

As can be seen in Tables 4.2 and 4.3, our results indicate that EWTC (ANN: 
R2

CV = 0.51, RMSECV = 0.03) and FMCC (ANN: R2
CV = 0.74, RMSECV = 

0.76) have been predicted with moderate accuracy from the pooled data. 
However, these variables have been retrieved with higher accuracy at the 
species level. In other words, the observed relationships with TIR emissivity 
spectra using both proposed statistical techniques are likely to be species-
specific. In this respect, the correlation between emissivity spectra in the TIR 
region and variation in cuticle composition in different plant species is a 
possible explanation (Elvidge 1988; Salisbury 1986). Recently, Buitrago et 
al. (2016) studied the correlation between leaf water content and TIR 
emissivity spectra and suggested that the plant's cuticle thickness and 
structure may be linked to the changes in emissivity spectra. Additionally the 
multi-functional properties of the cuticle, due to its heterogeneous structure 
and chemical nature (Khayet and Fernández 2012), may additionally vary 
between e.g. species, genotypes, plant physiological status as well as 
environmental conditions during growth (Fernández et al. 2016; Fernández et 
al. 2014; Guzmán‐Delgado et al. 2016; Knoche et al. 2004; Szakiel et al. 
2012), and could consequently affect the emissivity spectra.  

Moreover, the prediction of canopy water content (in terms of EWTC and 
FMCC) in the TIR domain could be affected by differences in the vegetation 
canopy architecture (Pinter Jr et al. 1985) as well as canopy gap size (Ribeiro 
da Luz and Crowley 2010) through the control of energy transfer (Kimes 
1980). Therefore, in order to obtain an accurate estimation of canopy 
parameters such as EWTC and FMCC in heterogeneous ecosystems, 
knowledge of other biophysical and biochemical properties of plant species is 
probably a prerequisite.  
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Our findings revealed that compared with PLSR models, the ANN approach 
obtained relatively higher prediction accuracy. This may be due to the fact 
that ANN method as a machine learning algorithm offers a powerful means 
of analyzing complex datasets without making assumptions about the model 
parameterization. Our results are in agreement with the previous finding of 
Neinavaz et al. (2016) who revealed that ANN improves the prediction 
accuracy of canopy biophysical variables compared with PLSR using 
emissivity spectra over the entire TIR spectrum. Both methods (i.e. PLSR and 
ANN) have their strengths and limitations which have been addressed by 
many researchers (Cramer 1993; Mehrotra et al. 1997; Pirouz 2006). 

Of the three categories of network input for ANN used to retrieve EWTC and 
FMCC, the important wavebands identified using PLSR (i.e. IPW) were 
superior to the others for the prediction of these variables for individual 
species (R2

CV = 0.92, RMSECV = 0.19 for FMCC; and R2
CV = 0.89, RMSECV 

= 0.007 for EWTC). In contrast, the ANW network input achieved a higher 
prediction accuracy (R2

CV = 0.74, RMSECV = 0.76 for FMCC; and R2
CV = 0.51, 

RMSECV = 0.03 for EWTC) for pooled data. A possible explanation is that by 
incorporating important wavebands into the back-propagation neural network 
as input variables, over-fitting was prevented and data dimension was reduced 
for individual plant species. Since emissivity spectra are species-specific over 
TIR region (Neinavaz et al. 2016c; Ribeiro da Luz and Crowley 2007) and 
that spectral features in the TIR domain varied from one species to another 
(Fabre et al. 2011a). Therefore, the ANW input network, which contains 279 
wavebands, seems more suitable to use for pooled data. Wavebands identified 
by Ullah et al. (2014) achieved lower accuracies estimating both variables 
than other network inputs (Table 4.3). The reason for this may be that their 
study was carried out at leaf level and that the canopy structure and 
architecture of different plant species did not play any role in their findings.  

In this study, we did not assess the strength of the entire spectra (i.e. VNIR-
TIR region) for the retrieval of vegetation water content (i.e. FMC and EWT) 
at canopy level. However, since FMCC was predicted with higher accuracy 
than EWTC, which is contrary to previous findings using hyperspectral and 
multispectral data, further experimental efforts would be required to assess 
the improvement in prediction accuracy of FMC and EWT at canopy level 
over different regions of the electromagnetic spectrum.  
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The results that are reported in this study are derived from emissivity 
measurements under controlled laboratory conditions. Accordingly, 
atmospheric absorption and scattering effects have been dismissed from our 
data set, and possible sources of error such as atmospheric corrections, and 
the effect of the background have been reduced. It will require further study 
to quantify the possible effect of these factors on the success of estimating 
EWC and FMC at canopy level from TIR spectra. However, this study 
provides an initial basis for evaluating the potential of TIR hyperspectral 
remote sensing for EWTC and FMCC prediction. 

4.5 Conclusion 

Our results establish the value of thermal emissivity spectra from the TIR 
region for predicting FMCC and EWTC using multivariate (i.e. PLSR and 
ANN) statistical techniques at canopy level for multiple plant species. FMCC 

as a representative of mass-based variables has been retrieved more accurately 
than EWTC from hyperspectral TIR data. When pooled data of several plant 
species is considered, the prediction accuracy drops for both variables (i.e. 
EWTC hand FMCC). When combined with ANN, optimized narrow 
wavebands as network input data present the most satisfactory performance 
predicting EWTC and FMCC. Clearly, given the results of our experiments, it 
will be difficult, although not impossible, to extend our findings to airborne 
and satellite level, particularly in different ecosystems. Field conditions, 
including canopy structure and atmospheric conditions, coupled with the 
spatial and spectral resolution of satellite observations, may provide 
challenges when upscaling to canopy level. However, in our perspective, the 
findings of this study prove the concept of predicting vegetation water content 
at canopy level by means of hyperspectral TIR data to be valid. 
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Chapter 5 
 
Successful Retrieval of Leaf Area Index from 
Thermal Satellite Imagery over Mixed Temperate 
Forest 
 

 

                                                   
 This chapter is based on: 
Neinavaz, E., Darvishzadeh, R., Skidmore, A. K., & Abdullah, H. (Under review). 
Successful Retrieval of Leaf Area Index from Thermal Satellite Imagery over Mixed 
Temperate Forest. Remote Sensing of Environment. In review. 
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Abstract 

Hyperspectral measurements in the thermal Infrared (TIR, 8-14 µm) region 
have demonstrated that retrieval of leaf area index (LAI, m2 m-2) can be 
achieved with reasonable accuracy under controlled laboratory conditions. 
However, predicting LAI based on TIR data from remotely sensed images is 
yet to be addressed. In this study, for the first time, we quantify LAI over a 
mixed temperate forest, using the Landsat 8 TIR data as well as its integration 
with visible, near infrared, and shortwave infrared data (VNIR/SWIR 0.3-2.5 
µm). In August 2015, concurrent with a Landsat 8 overpass, a field campaign 
was conducted, and forest structural parameters including LAI and proportion 
of vegetation cover (PV) were measured at 37 field plots. Land surface 
emissivity (LSE) was calculated using the normalized difference vegetation 
index thresholds method, and the Pv was estimated using different 
approaches. We used empirical methods including six different vegetation 
indices as well as an artificial neural network (ANN) approach to retrieve LAI. 
There was a significant difference between plots regarding LSE and 
vegetation type. LAI was predicted with modest accuracy using TIR 
vegetation indices (R2

CV = 0.35, RMSECV = 1.20, m2 m-2). This retrieval 
accuracy was improved further by using an ANN (R2

CV = 0.55, RMSECV = 
1.02, m2 m-2). When the VNIR/SWIR (R2

CV = 0.58, RMSECV = 0.83, m2 m-2) 
and TIR data were integrated into the ANN, the estimation accuracy for the 
LAI was greatly increased (R2

CV = 0.73, RMSECV = 0.78, m2 m-2). Our results 
demonstrate that TIR satellite data can achieve reasonable accuracy for LAI 
retrieval using VNIR/SWIR measurements and that the combination of 
reflectance and emissivity data increases the retrieval accuracy of LAI. This 
finding has implications for the retrieval of other vegetation parameters using 
TIR satellite remote sensing, as well as regional mapping of LAI coupled with 
a canopy radiative transfer model.  
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5.1 Introduction 

Leaf area index (LAI, m2 m-2) is used extensively to monitor ecosystem 
functions (e.g. vegetation growth, and physiological activity) (Asner et al. 
2003; Barclay 1998; Gower et al. 1999). LAI is a dimensionless variable and 
is defined as the total of the one-sided leaf area (m2) per unit of horizontal 
surface area (m2) (Watson 1947). Due to the importance of LAI in primary 
production (e.g. photosynthesis), transpiration, energy exchange, and other 
physiological characteristics pertinent to a range of ecosystem processes, 
accurate prediction of LAI has been a concern in a broad spectrum of research 
(Bréda 2003). Moreover, LAI has recently been proposed as one of the 
essential biodiversity variables, among others potentially fit for satellite 
monitoring (Pereira et al. 2013; Skidmore et al. 2015). The demand for LAI 
monitoring over large areas has increased in recent years due to growing 
interest in monitoring and modelling of climate change and habitat 
degradation (Duro et al. 2007; Running et al. 2004). 

Using remote sensing, in particular the visible/near-infrared (VNIR, 0.3-1.0 
µm) and shortwave infrared (SWIR, 1.0-2.5 µm) spectral data, vegetation 
biophysical variables such as LAI have been widely retrieved in different 
ecosystems and with a varying degree of success (Bacour et al. 2006; Baret 
and Guyot 1991; Baret et al. 1989; Boegh et al. 2002; Broge and Mortensen 
2002; Brown et al. 2000; Darvishzadeh et al. 2008b; Zheng and Moskal 2009). 
The potential of thermal infrared (TIR) remote sensing for estimating 
vegetation biophysical variables in general, and LAI in particular, has been 
the subject of very limited research. The advantage of using TIR data for 
remote sensing of vegetation is that homo-nuclear diatomic molecules such 
as N2 and O2 do not exhibit strong spectral features in the wavelengths 
occurring between 8 µm and 14 µm; consequently, this atmospheric window 
is largely transparent (Clerbaux et al. 2011). Recently, LAI has been 
successfully quantified using emissivity spectra in the thermal infrared (TIR, 
8-14 µm) domain under controlled laboratory conditions (Neinavaz et al. 
2016c). However, the applicability and upscalability of laboratory studies on  
LAI estimation to landscape level remain to be proven. In this study, we 
utilized land surface emissivity (LSE) calculated from Landsat 8 TIR data of 
the Bavarian Forest National Park (BFNP) to retrieve LAI. LSE is a measure 
of the inherent efficiency of the surface in converting kinetic into radiant 
energy above the surface (Sobrino et al. 2001). Knowledge about the LSE is 
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necessary for estimating the energy budget, the evapotranspiration rate, as 
well as the water and energy balance (Jiménez-Muñoz et al. 2006; Seemann 
et al. 2008; Sobrino et al. 2002). LSE is also a critical parameter for retrieving 
land surface temperature (Dash et al. 2002), especially when only one thermal 
band is available (Gillespie et al. 1998; Sobrino et al. 2004).  

Several approaches exist to estimate LSE using remotely sensed data (Sobrino 
et al. 2008). Among these approaches, the normalized difference vegetation 
index threshold method (NDVITHM) (Van de Griend and Owe 1993), which 
has been further modified and developed by Sobrino and Raissouni (2000), 
has attracted special attention as a practical approach (Sobrino et al. 2001). 
To calculate the LSE using the NDVITHM, prior knowledge of the emissivity 
of vegetation and bare soil, as well as estimates of the proportion of vegetation 
cover (PV), are necessary. Employing vegetation indices such as the 
normalized difference vegetation index (NDVI) is one of the traditional 
approaches to estimating PV. However, NDVI becomes saturated at high 
vegetation cover (Atzberger 2004; Baret and Guyot 1991; Danson and 
Plummer 1995; Gitelson et al. 2002), which may influence the accuracy of the 
estimated PV. Consequently, this study first investigates the estimation of PV 
for the calculation of LSE and further examines the retrieval of LAI in a mixed 
temperate forest using the derived LSE. 

Previously, Breunig et al. (2009) revealed that the combined use of SWIR 
(i.e., reflectance) and TIR (i.e., emissivity) data enhanced discrimination 
between nonphotosynthetic vegetation and exposed soil. Also, a recent study 
by Mushore et al. (2016) showed that the integration of Landsat 8 data from 
the operational land imager (OLI, 0.4–2.5 μm) and the thermal infrared sensor 
(TIRS, 10.6–12.5 μm) achieved significantly higher accuracy in classifying 
urban landscapes. However, to our knowledge, the combined use of 
reflectance and emissivity data has not been investigated in vegetation studies 
for predicting LAI. The first section of this paper is dedicated to deriving the 
LSE using PV calculated from an artificial neural network (ANN) as well as 
through empirical approaches. The derived LSE values are then used to 
estimate LAI by means of univariate (vegetation indices) and multivariate 
(ANN) techniques. Finally, the reflectance and emissivity data from the OLI 
and TIRS bands of Landsat 8 are integrated to examine the LAI retrieval 
accuracy. 
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5.2 Materials and methods 

5.2.1 General description of the study area 

Field measurements were carried out over the BFNP located in south-eastern 
Germany along the border with the Czech Republic (49˚ 3' 19" N, 13˚ 12' 9" 
E) (Figure 5.1). The BFNP has a total area of 24,250 hectares (Huber 2005). 
Elevation in this area ranges from 600 m to 1453 m above sea level. The 
climate of the region is temperate. Precipitation varies from 1200 to 1800 
mm/year (of which 50% is snow), and in some years exceeds 2000 mm (Huber 
2005). The minimum average annual temperature is between 3˚C and 6˚C. 
Three major forest types are recognizable in the BFNP: above 1100 m, at high 
altitude, there are sub-alpine spruce forests with Norway spruce (Picea abies) 
and some Mountain ash (Sorbus aucuparia); on the slopes, between 600 m 
and 1100 m, mountain mixed forests with Norway spruce, Silver fir (Abies 
alba), European beech (Fagus sylvatica), and Norway maple (Acer 
pseudoplatanus) can be found; in wet depressions in the lower valley (i.e. 
valley bottoms), Spruce forests mixed with Norway spruce, Mountain ash, 
and Birches (Betula pendula, and Betula pubescens) occur (Heurich 2008; 
Reitberger et al. 2006). In general, the dominant tree species in the BFNP are 
Norway spruce (67%), European beech (24.5%), and Fir (2.6%) (Heurich et 
al. 2010). 
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Figure 5.1: Location of the Bavarian Forest National Park, Germany, and the location of 
the sample plots. 

5.2.2 In situ, structural canopy parameter collection  

A field campaign was conducted in August 2015. The study area was stratified 
into broadleaf, needle leaf, and mixed forest stands. The stratified random 
sampling strategy was adopted, and 37 plots of 30  30 m were selected 
resulting in 4 broad-leaf, 26 needle-leaf, and 7 mixed forest plots. The 
coordinates of the center location of the plots were recorded by a Leica system 
GPS 1200 with an accuracy of approximately 1 m after post processing (Leica 
Geosystems AG, Heerbrugg, Switzerland). At each plot, species types were 
recorded, and structural forest parameters including LAI and PV were 
measured. LAI was measured using the plant canopy analyzer LAI-2200 
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(LICOR Inc., Lincoln, NE, USA). For each plot, reference samples of the 
above-canopy radiation were collected by measuring incoming radiation in a 
nearby open area. Next, five below-canopy samples were measured within the 
plot. The LAI value of each plot was then calculated by averaging these 
measurements. PV or fractional vegetation cover initially was introduced by 
Deardorff (1978) and defined as the ratio of the vertical projection area of 
vegetation (including leaves, stalks, and branches) on the ground to the total 
vegetation area (Salimi Kouchi et al. 2013). The PV of each plot was computed 
using five upward-pointing hemispherical photographs. A digital 
hemispherical camera was used to measure PV according to the proposed 
guidelines by Zhou et al. (1998). The images were acquired using a Canon 5D 
equipped with a fisheye lens leveled on a tripod at approximately breast height 
(1.3 m above the ground) (Whitmore et al. 1993). The arithmetic mean of the 
PV calculated from the images was then considered as PV of the plot. 

5.2.3 Satellite data and processing 

The satellite data were acquired on 9 August 2015 from Landsat 8 for the study 
area. The Landsat 8 satellite has two main sensors, the OLI and the TIRS 
(Table 5.1). Since Landsat images are not atmospherically corrected, the OLI 
and TIRS images were corrected by converting digital numbers to radiance 
values, using the coefficients supplied by the USGS (United States Geological 
Survey) (https://landsat.usgs.gov/using-usgs-landsat-8-product). For the OLI 
images, radiance was converted to reflectance using the Fast Line-of-sight 
Atmospheric Analysis of Spectral Hypercubes (FLAASH) module. FLAASH is 
an MODTRAN4-based atmospheric correction software package developed by 
the Air Force Phillips Laboratory, Hanscom AFB, and Spectral Sciences, Inc. 
(Adler-Golden et al. 1999) and is available in the Research Systems Inc. ENVI 
software package. In this study, NDVITHM was applied to estimate LSE. 
Therefore, the atmospheric correction was not needed for the TIRS bands (Li 
et al. 2013). Bands 10 and 11 in the TIR region were acquired at 100 m 
resolution and were resampled to 30 m to match with the OLI spectral bands. 
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Table 5.1: The Landsat 8 sensors, the operational land imager (OLI) and the 
thermal infrared sensor (TIRS) spectral bands and spatial resolution. 

Landsat 8 Sensor Bands Wavelength (µm) Resolution (m) 

OLI 

Band 1 0.43 - 0.45 30 
Band 2 0.45 - 0.51 30 
Band 3 0.53 - 0.59 30 
Band 4 0.64 - 0.67 30 
Band 5 0.85 - 0.88 30 
Band 6 1.57 - 1.65 30 
Band 7 2.11 - 2.29 30 

TIRS 
Band 10 10.60 - 11.19 100 
Band 11 11.50 - 12.51 100 

5.2.4 Estimation of Land Surface Emissivity 

One of the practical methods to determine LSE is using statistical 
relationships between the logarithms of NDVI and surface emissivity in 
thermal infrared bands (Van de Griend and Owe 1993). This approach was 
later modified and called NDVITHM (Sobrino and Raissouni 2000; Valor and 
Caselles 1996). Emissivity based on the NDVITHM is calculated as follows 
(Sobrino and Raissouni 2000; Sobrino et al. 2008): 

Ɛ
	NDVI 0.2,																		α 	 																																									 1. a
	NDVI 0.5,																Ɛ dƐ																																																			 1. b
	0.2 NDVI 0.5,										Ɛ 	Ρ 	Ɛ 1 Ρ dƐ							 1. c

 

where α and b are the soil line coefficients at wavelength λ,  denotes the 
reflectivity values in the red region, dɛ is the cavity effect, 	Ɛ 	and Ɛ  are 
band emissivity values for vegetation and bare soil, respectively, calculated 
from the MODIS UCSB (University of California, Santa Barbara) emissivity 
library (Wan and Dozier 1996), and PV	denotes the proportion of vegetation 
cover. For plain surfaces, dɛ is negligible, but for heterogeneous and rough 
surfaces such as forest, this term can reach a value of 2% (Sobrino 1989; 
Sobrino et al. 1990). A good approximation for this term can be given by the 
following equation: 

ɛ 1 ɛ 1 ɛ                                                                            (2) 

where F denotes a shape factor with a mean value, assuming different 
geometrical distributions, of 0.55 (Sobrino et al. 1990; Sobrino et al. 2004). 
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Taking into account Eq. (1.a-c), the land surface emissivity can be attained 
through: 

Ɛ                                                                                                  (3) 

with 

Ɛ Ɛ 1 Ɛ Ɛ 																																																																							(4.a) 

Ɛ 1 Ɛ Ɛ 																																							                                       (4.b) 

5.2.5 Estimating the proportion of vegetation 

As can be observed from Eq. (3), PV is an input parameter for calculating LSE. 
Several methods exist in the literature to estimate PV using empirical models. 
For instance, Gutman and Ignatov (1998) estimated PV using the NDVI 
(Rouse et al. 1974). However, NDVI becomes saturated in high vegetation 
cover (Atzberger 2004; Baret and Guyot 1991; Danson and Plummer 1995; 
Gitelson et al. 2002). To resolve this issue, Gitelson et al. (2002) have 
suggested a variable atmospherically resistant index (VARIgreen), 
substituting near infrared reflectance with green reflectance, and also using 
the concept of the atmospherically resistant vegetation index (Kaufman and 
Tanre 1992) to compensate for atmospheric effects. Based on this concept, 
Jiménez-Muñoz et al. (2009) estimated the PV of agricultural land (corn, 
alfalfa, etc.) using the VARIgreen. An alternative approach to using spectral 
indices for the estimation of biophysical variables such as PV is to apply field-
based measurements and spectral reflectance to train an ANN. Boyd et al. 
(2002) suggested the ANN approach be the premier choice for predicting PV. 
Therefore, in this study, surface reflectance values of bands of the OLI sensor 
in the 0.4 μm to 2.5 μm spectral domain were used to estimate the PV by (i) 
calculating the VARIgreen and (ii) employing the ANN approach (hereafter, 
referred to as PV

VARIgreen and PV
ANN, respectively). For network training, the 

Levenberg-Marquardt (LMANN) algorithm was utilized, as it is one of the 
common training algorithms in back-propagation networks. Although there 
are no principles that determine the optimal number of hidden layers, 
Skidmore et al. (1997) noted that higher accuracy would be obtained with 
three hidden layers, than with two or one. As the prediction performance of 
an ANN depends on the number of neurons in the hidden layer, the optimal 
ANN size was identified by testing different numbers. To avoid over-fitting, 
the early stopping technique was used. In this technique, training stops as soon 
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as performance on a validation data set begins to worsen (Nowlan and Hinton 
1992). Linear regression analyses were performed between the predicted PV 
(i.e. the network outputs) and the measured PV, to identify the best ANN 
model. To reduce undesired effects from the random initialization of the 
optimization routine, the cross-validation procedure was repeated 1000 times, 
and results were averaged. The reliability of the ANN in estimating PV was 
evaluated using the cross-validated coefficient of determination R2

CV and the 
cross-validated Root Mean Squared Error RMSECV. The estimated PV was 
then used to calculate the LSE according to Eq. (3). The correlation between 
measured LAI and LSE was quantified using Pearson’s r correlation. A one-
way ANOVA was applied to explore whether the mean LSE significantly 
differs between plots with dissimilar vegetation types. Tukey’s honestly 
significant difference test was used as a posthoc test, to determine the 
statistical significance of these differences. 

5.2.6 Estimation of leaf area index 

5.2.6.1 Estimation of leaf area index using vegetation indices  

The most common indices for retrieving LAI from optical remote sensing data 
are ratio based indices. Six different vegetation indices, widely applied in the 
literature to derive LAI, were examined in this study. The indices were 
systematically calculated from the LSE derived from thermal bands. The 
coefficient of determination (R2) of band combinations for each index and 
LAI were used to assess the strength of the relation between proposed indices 
and LAI. The indices that achieved higher accuracies were noted. The naming 
conventions, acronyms, and calculations for the indices are listed in Table 5.2. 
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Table 5.2: Vegetation indices used in this study for the retrieval of leaf area index. 

Spectral Index Original Equation Equation Abbreviation Reference 

Ratio vegetation 
index 

∗   SR (Jordan 1969) 

Modified Simple 
Ratio 

1
⁄ . 1

1
⁄ . 1

MSR (Chen 1996) 

Difference 
Vegetation Index 

  SD (Tucker 
1979) 

Normalized 
difference 

vegetation index 

  NDVI (Rouse et al. 
1974) 

Renormalized 
Difference Index 

  RDI (Roujean and 
Breon 1995) 

Modified 
Vegetation Index 

1.2
 

1.2
 MVI (Paltridge and 

Barber 1988) 

*Where  denotes the reflectance value at given wavelength λ, NIR is the near-infrared reflectance; 
 denotes emissivity spectra at given wavelength λ.  

5.2.6.2 Estimation of leaf area index using artificial neural networks  

Recently, LAI was successfully retrieved using TIR hyperspectral data and an 
ANN as a multivariate technique under controlled laboratory conditions 
(Neinavaz et al. 2016c). Three scenarios, based on a combination of surface 
reflectance (VNIR/SWIR region, bands 1 to 7/ Landsat 8 - OLI), LSE (TIR 
region, bands 10 and 11/Landsat 8-TIR) and integration of all bands, were 
applied in this study as input layers to estimate LAI using an ANN (Table 
5.3). Linear regression analyses were performed between the predicted LAI 
and the measured LAI. For network training, the Levenberg-Marquardt 
(LMANN) algorithm was used. The reliability of the ANN in estimating LAI 
was evaluated using R2

CV and RMSECV. All analyses were executed using the 
MATLAB neural network toolbox. 
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Table 5.3: Different input networks for estimation of LAI using artificial neural 
networks. LSE represents land surface emissivity and was calculated using two 
thermal bands in the thermal infrared region; OLI bands represent reflectance 
spectra from seven bands in the visible-near infrared and short-wave infrared 
regions.  

No. OLI bands TIRS bands (LSE) Input Output 

1  - 7 bands 1 

2   9 bands 1 

3 -  2 bands 1 

5.3 Results 

5.3.1 Leaf area index and proportion of vegetation 

Summary statistics of the measured LAI and PV are tabulated in Table 5.4. 
The measured LAI from the 37 sample plots revealed a high maximum value 
(max = 5.86, m2 m-2). The measured PV ranged from 0.39 to 0.82 (range = 
0.43) and showed a maximum value of 0.82. The relationship between the 
field measured LAI and PV is presented in Figure 5.2. 

Table 5.4: Summary statistics of the measured leaf area index (LAI, m2 m-2) and 
proportion of vegetation cover (PV) in Bavarian Forest National Park (n=37). 

Variables Minimum Maximum 
Mean Std. 

Deviation
Coefficient 
of variation Statistic Std. Error 

LAI  0.50 5.86 3.34 0.24 1.46 43.60 
PV 0.39 0.82 0.61 0.02 0.12 20.51 

5.3.2 Estimation of proportion of vegetation cover  

PV calculated using the ANN approach exhibited a wide range (max = 0.82, 
min = 0.39, range = 0.43, mean = 0.61) compared with VARIgreen (max = 
0.39, min = 0.29, range = 0.10, mean = 0.36) (Figure 5.3). The relationship 
between estimated PV

ANN, PV
VARIgreen and in situ measurements was also 

investigated and is presented in Figure 5.4. As can be seen in Figure 5.4, the 
PV is estimated with reasonable accuracy using the ANN method (R2 = 0.64, 
RMSE = 0.05) when compared to using the VARIgreen (R2 = 0.42, RMSE = 
0.06). Therefore, further analysis has been performed with the PV being 
calculated using the ANN. Hereafter, the LSE, which has been calculated 
based on the estimated PV using the ANN approach, will be referred to as 
LSEPV

ANN. 
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Figure 5.2: The relationship between the measured leaf area index and proportion of 
vegetation cover. The blue line represents a first order (linear) regression. 

 
 

Figure 5.3: Boxplots are demonstrating the median, lower and upper quartile values 
of the proportion of vegetation cover calculated using artificial neural networks 
(ANN), variable atmospherically resistant index values (VARIgreen) and in situ 
measurements. 
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(a) 

(b) 

Figure 5.4: Scatterplots of measured versus predicted proportion of vegetation cover 
calculated from artificial neural networks (ANN) (a), and variable atmospherically 
resistant index values (VARIgreen) (b). 

5.3.3 Retrieval of land surface emissivity 

Applying the procedure defined for the estimation of LSE in the previous 
section to Landsat 8 data (i.e section 5.2.4), the LSE of the BFNP for TIRS 
band 10 (LSE = 0.0009035 PV + 0.9852), and band 11 (LSE = 0.0009035 PV 
+ 0.9931) were obtained. The LSE histograms of sample plots (i.e. LSEPV

ANN) 
and their boxplots are shown in Figure 5.5.  
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(a) 
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(b) 

Figure 5.5: Boxplots and histograms represent the normal distribution of extracted 
land surface emissivity of 37 plots from TIRS band 10 (a), and band 11 (b), Landsat 8 
in the Bavarian Forest National Park. 

 
The one-way ANOVA showed that there is a significant difference (p-value 
< 0.05) between the LSE of plots with different vegetation types (Table 5.5). 
However, this relationship was not significant between Beech and mixed 
(including Beech and Spruce) plots. This was further confirmed when we 
plotted the LSE of different plots with the same LAI value. As can be observed 
from Figure 5.6, the difference in LSE is more pronounced between Spruce 
plots and Beech plots than between mixed plots and Beech plots. 
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Table 5.5: Summary of statistics regarding One-way ANOVA with Post-hoc Tukey’s 
HSD test of land surface emissivity (LSE) and vegetation type (n=37). The mean 
difference is significant at the 0.05 level. 

Dependent 
Variable 

(I) Variable (J) Variable Std. Error Sig. 
95% Confidence Interval 

Lower 
Bound 

Upper 
Bound 

LSEPV
ANN  

Beech 
Beech & 
Spruce 

0.0000708 0.765 -0.000223 0.000124 

Spruce 0.0000607 0.002* -0.000375 -0.000078 
Beech & 
Spruce 

Beech 0.0000708 0.765 -0.000124 0.000223 
Spruce 0.0000481 0.002* -0.000295 -0.000059 

Spruce 
Beech 0.0000607 0.002* 0.000078 0.000375 

Beech & 
Spruce 

0.0000481 0.002* 0.000059 0.000295 

 

 
Figure 5.6: The land surface emissivity of plots with different vegetation types and an 
approximate LAI value of 4 m2 m-2. 

5.3.4 Relationships between leaf area index and land surface 
emissivity 

The relationship between LSE, obtained for each plot, and LAI was 
quantified. A positive correlation existed between LSE and LAI (r = 0.66; p-
value < 0.001). The robustness of this relationship was tested using a first 
order polynomial and is presented in Figure 5.7. From the scatter plots in 
Figure 5.7, a linear relation between LAI and LSE is evident. The regression 
parameters are negligible with a slope of 0.00 and an offset of 0.98; R2 is 0.44. 
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Figure 5.7: Scatterplots of in situ measured leaf area index (LAI) and land surface 
emissivity for 37 plots for Landsat 8 thermal bands. 

5.3.5 Estimation of leaf area index using vegetation indices in 
the thermal infrared region 

LAI was predicted with moderate accuracy using considered vegetation 
indices, although a comparison of R2

CV and RMSECV values among 
investigated indices revealed no significant differences (Table 5.6). The 
highest R2 value obtained between LAI and LSE was 0.44 (RMSECV = 1.20, 
m2 m-2). The scatter plots in Figure 5.8, demonstrated that there is a linear 
relationship between estimated and measured LAI. Additionally, our findings 
suggest that vegetation indices calculated from LSE tend to overestimate the 
LAI values of below 1 (m2 m-2) while performing more accurately for LAI 
values between 2 and 5 (m2 m-2).  

Table 5.6: The coefficients of determination (R2) for different indices calculated 
using land surface emissivity (LSE) and leaf area index. RMSECV and R2

CV are the 
cross-validated root mean square error and coefficient of determination between 
measured and estimated LAI, respectively. 

LSE Index R2 
Validation 

R2
CV RMSECV 

LSEPV
ANN 

SD 0.44 0.35 1.20 
SR 0.44 0.35 1.20 

NDI 0.44 0.35 1.20 
RDI 0.44 0.35 1.20 
MSR 0.44 0.35 1.20 
MVI 0.44 0.35 1.20 
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Figure 5.8: Scatterplot of measured versus predicted leaf area index calculated from 
the simple ratio index (SR). 

5.3.6 Estimating leaf area index using artificial neural 
networks 

Next, LAI was retrieved with a combination of spectral data from the 
VNIR/SWIR and TIR using ANN. Comparing the three scenarios tabulated 
in Table 5.3, the combination of spectral information from OLI and TIRS 
bands improved the prediction accuracy (yielding an RMSE of 0.78, m2 m-2) 
over merely using OLI data (RMSE = 0.83, m2 m-2). The relationship between 
estimated and measured LAI using the ANN model for different scenarios is 
shown in Figure 5.9. As can be seen from the figure, the accuracy is higher 
than when only vegetation indices are used.  
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(a) 

(b) 

(c) 

Figure 5.9: Scatterplot of measured versus estimated leaf area index using different 
input networks: OLI bands (a), TIRS bands (b), OLI + TIRS bands (c). 
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5.4 Discussion 

This study attempts to highlight the importance of satellite TIR data for the 
retrieval of LAI. The integration of TIR and VNIR/SWIR data is shown to 
improve the prediction of a vegetation biophysical parameter such as LAI. 
Our results further revealed that, apart from information regarding emissivity 
of soil and vegetation, also the accurate estimation of PV is indispensable for 
the retrieval of LSE using NDVITHM. 

Previously, Sobrino et al. (2002) concluded that the NDVITHM produced 
promising results in retrieving LSE. To apply NDVITHM prior knowledge 
about soil and vegetation emissivities is essential  (Becker and Li 1995; Li et 
al. 2013; Van de Griend and Owe 1993). Review of the literature revealed that 
PV has traditionally been estimated from remote sensing data using empirical 
relations with vegetation indices (e.g. NDVI and VARIgreen). In this study, 
a more accurate estimation of PV is obtained using an ANN method, than 
using vegetation indices such as VARIgreen and NDVI (R2 = 0.40, RMSE = 
0.06 for NDVI, not shown). This confirms earlier conclusions by Boyd et al. 
(2002), who stated that the ANN approach is preferred for the retrieval of PV 

as the ANN technique offers a powerful means of analyzing complex datasets 
without making assumptions about them. The result presented in Table 5.5 
indicates that there is a significance difference between the LSE of plots 
harboring different vegetation types. However, as can be observed from 
Figure 5.6, the LSE difference was not distinct between mixed plots and 
Beech plots if the LAI value was similar. This can probably be explained by 
the fact that in mixed plots the Beech canopies play a dominant role in emitted 
radiance, hence emissivity, due to the size and angles of Beech leaves. 
Another explanation could be the limited number of bands in the TIR domain 
as well as the complexity of the emissivity of the plant’s canopy due to the 
canopy cavity effect (Fuchs and Tanner 1966; Jin and Liang 2006). This result 
confirms the outcome of an earlier study (Neinavaz et al. 2016a) that canopies 
with differing structures but similar LAI values have dissimilar emissivities. 
Our results also confirm the conclusions of an earlier study by (Jacquemoud 
et al. 2009) that plants with planophile leaves have a higher reflectance in 
VNIR/SWIR regions. Our findings are also in agreement with the findings of 
Ullah et al. (2012a), who proved the concept of discrimination of vegetation 
using TIR hyperspectral data at leaf level. In general, this result is very 
promising regarding the extension of the present TIR remote sensing concept 
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towards discriminating plant species at canopy level and over large areas, as 
well as monitoring LAI by means of TIR data. However, further experiments 
will be required using advanced TIR hyperspectral sensors. 

Recently, LAI has been successfully retrieved using TIR hyperspectral data 
under controlled laboratory conditions with multivariate and univariate 
statistical techniques (Neinavaz et al. 2016c). This study revealed that LAI 
might be predicted using LSE calculated from multispectral satellite data, 
though with less accuracy. This may partly be explained by the use of 
broadband sensors and multispectral data, which mask the information 
usually available in the narrow spectral bands (Curran 1989; Schlerf et al. 
2005). Additionally, review of the literature has shown that hyperspectral data 
are more efficient in providing extra information than multispectral data when 
quantifying vegetation characteristics (Cho et al. 2007; Mutanga and 
Skidmore 2004; Thenkabail et al. 2000; Zarco-Tejada et al. 2002). Moreover, 
an earlier paper by Neinavaz et al. (2016c) revealed that the LAI was predicted 
with the highest accuracy using the 10–12 µm wavelength range in 
combination with the bands in the 8–11 µm range. Therefore, having only two 
TIR bands (Table 5.1) in the atmospheric window between 10 μm and 12 μm 
for Landsat 8 may have reduced prediction accuracy of the LAI. 

The results of this study are in agreement with the recent finding of Neinavaz 
et al. (2016c) that there is no precedence using vegetation indices to predict 
LAI by means of TIR hyperspectral data. A possible explanation could be the 
little contrast observed in emissivity spectra over the TIR domain compared 
to the reflectance spectra (Hapke 2012). In addition, the combination of bands 
from different regions demonstrates higher sensitivity than one or two bands 
from a particular part of the electromagnetic spectrum for the prediction of 
vegetation parameters, since each band contains relevant and efficient 
information (Asrar et al. 1984; Bannari et al. 1995). Therefore, vegetation 
indices developed in this study only applied two broadband spectral over TIR 
region which appears are not sufficient to retrieve LAI. This result was further 
confirmed when a combination of both TIRS and OLI sensors data were 
employed to predict LAI using an ANN approach (Figure 5.9).  

The results of this study reveal that the estimation of LAI using a trained ANN 
(R2 = 0.55, RMSECV = 1.02, (m2 m-2) for TIRS data) is more reliable and 
achieves a higher prediction accuracy than the use of vegetation indices (R2 = 
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0.44, R2
CV = 0.35, RMSECV = 1.202). Therefore, this study not only shows 

that LAI is predictable using TIR remotely sensed data, but also that ANN 
approaches improve model accuracy compared to univariate techniques for 
estimating vegetation characteristics over TIR domain. Thus, that there is 
potential for the operational retrieval of LAI from remote sensing (Danson et 
al. 2003; Darvishzadeh et al. 2008b; Neinavaz et al. 2016c).  

5.5 Conclusion 

The possibility to predict LAI using TIR data in a mixed temperate forest (i.e. 
Bavarian Forest National Park) has been investigated in this study. We 
demonstrate the potential of using TIR data to predict LAI by using empirical 
(i.e. six vegetation indices) and machine learning (i.e. ANN) approaches. PV, 
one of the important parameters to drive LSE (using NDVITHM), is estimated 
with reasonable accuracy using an ANN technique. Positive correlations have 
been found between LSE and vegetation type in plots, and it has been 
observed that plots with different vegetation types have different LSE even 
when their LAI value is similar. This is a promising result and could form the 
basis for further investigation. The results demonstrate that using LSE, LAI 
can be predicted with reasonable accuracy. All six investigated indices achieved 
similar results predicting LAI using LSE. The ANN-based models serve as a 
reliable approach for estimating LAI, although the use of hyperspectral data 
from the TIR region needs to be investigated further. Predicted and measured 
LAI revealed a linear relationship in all considered models. Our findings 
suggest that combining VNIR/SWIR and TIR data might improve the 
prediction accuracy for estimating LAI. For the first time, it has been shown 
that even under non-controlled conditions prediction of LAI may be possible 
using TIR data. TIR remotely sensed data are once again revealed to be 
valuable in vegetation remote sensing studies. Further research is desirable, 
using TIR hyperspectral data (i.e. airborne or space-borne data) coupled with 
a canopy radiative transfer model. This study offers practical techniques for 
estimating LAI, an essential biodiversity variable, and thus will be valuable 
for the assessment of biodiversity and ecosystem services. 
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Chapter 6 
 
Synthesis: Sensing Vegetation Canopies in the 
Thermal Domain 
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6.1 Introduction 

Accurate estimation of vegetation characteristics is essential to understand 
changes in the terrestrial ecosystem fully. Remote sensing is a cost-effective, 
non-destructive, and repetitive technique which is the appropriate approach to 
monitor and assess ecosystems changes in comparison to the traditional 
destructive methods which are tedious, time-consuming, data lagged and 
expensive. In this respect, in the current thesis, two vegetation characteristics 
namely, leaf area index (LAI) as a vegetation biophysical variable and water 
content as a vegetation biochemical variable were addressed and quantified 
using thermal infrared remote sensing data (TIR, 8-14 µm). 

LAI is an important vegetation biophysical variable which plays a critical role 
in processes such as transpiration, and evaporation (Chen et al. 2005b) as well 
as in multiple crop process models (Duchemin et al. 2006). An accurate 
prediction of LAI is critically important as an input parameter of ecosystem 
process models. Additionally, temporal and spatial monitoring of LAI can 
improve our understanding of changes in forest ecosystems (Zheng and 
Moskal 2009). As a result, LAI has recently been identified as one of the 
crucial essential biodiversity variables (EBVs) among hundreds of variables 
which were potentially fit for satellite monitoring of progress towards the 
Aichi Biodiversity Targets (Pereira et al. 2013; Skidmore et al. 2015).  

Fire occurrence is another EBV proposed to monitor ecosystem function 
using satellite data (Pereira et al. 2013; Skidmore et al. 2015). Evaluation of 
wildfire occurrence can be performed using fuel moisture content (FMC) and 
equivalent water thickness (EWT) by characterizing water status of the foliage 
(Chuvieco et al. 2004; Danson and Bowyer 2004). FMC is highly correlated 
with the risk of wildfire (Chuvieco et al. 2004; Hunt Jr et al. 2013). Moreover, 
influence biochemical processes in vegetation, such as photosynthesis and 
evaporation, are restricted by vegetation water content in terms of EWT 
(Peñuelas et al. 1994). Accordingly, in this thesis, the canopy water content 
in terms of FMC as mass-based and EWT as area-based variables is addressed 
and evaluated at the canopy level. 

In the past decades, the use of visible-near infrared and shortwave infrared 
(VNIR-SWIR; 0.3-2.5 µm) hyperspectral and multispectral remote sensing 
data for quantifying vegetation parameters at leaf, canopy, and landscape 
levels has been broadly studied (Asner and Martin 2008; Asner et al. 2003; 
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Atzberger et al. 2010; Baret and Guyot 1991; Baret et al. 1989; Darvishzadeh 
et al. 2008a; Darvishzadeh et al. 2008b; Mirzaie et al. 2014). However, TIR 
data has not been perused properly in remote sensing vegetation studies, due 
to the low signal to noise ratio, difficulty in accurately estimating emissivity 
spectra as well as the complexity of emissivity spectra (Gerhards et al. 2016; 
Ribeiro da Luz and Crowley 2007; Ullah et al. 2012a). 

6.2 Measuring the response of canopy emissivity spectra 
to leaf area index variation using thermal 
hyperspectral data 

A few spectroscopic studies exist which focus on emissivity spectra link to 
vegetation characteristics at the leaf level (Buitrago et al. 2016; Ribeiro da 
Luz and Crowley 2007; Ullah et al. 2014). Although, the response of canopy 
reflectance spectra to LAI variation in the VNIR and SWIR regions has been 
addressed in the literature (Asner 1998; Asrar et al. 1984; Darvishzadeh et al. 
2009), the response of canopy emissivity spectra to the variation of LAI 
values was not known and, yet, had to be considered.  

Chapter 2 explored the response of canopies with different LAI values versus 
canopy emissivity spectra of various plant species over the TIR region. It 
revealed that there is a positive correlation between canopy emissivity spectra 
and LAI. However, the highest correlation values between LAI and individual 
emissivity spectra were different among the studied species and were 
observed in various parts of the TIR domain. The findings of Chapter 2 
demonstrated that emissivity rises with increasing LAI values and this 
increment is more pronounced after the wavelength 9 µm portion of the 
electromagnetic spectrum (Figure 6.1 and Figure 6.2). Additionally, the 
changes in canopy emissivity spectra value became less noticeable for the LAI 
values larger than 4.0 (m2 m-2). It was further observed that slight changes in 
LAI values (i.e. <0.5 m2 m-2) are not readily remarkable through canopy 
emissivity spectra.  

Our results from Chapter 2 indicated that while LAI values of different plant 
species were similar, canopy emissivity spectra of considered plant species 
were found to be statistically different at various wavebands and were also 
relatively distinctive. This finding suggests that LAI is presumably not the 
sole variable that effects emissivity spectra over TIR region and probably the 
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interaction between LAI and other variables can also contribute to emissivity 
spectra differences in plant species. Previously, Ullah et al. (2012a) revealed 
that band 9.4 µm, among a few other wavebands, contains sufficient 
information to discriminate between different plant species at leaf level in the 
TIR domain. Similarly, our results from Chapter 2 demonstrated that the 
possible wavelengths over TIR region provides adequate information to 
distinguish among various plant species while the LAI value is similar is 
located in the wavelength between 8 µm and 10 µm (i.e. 8.0–8.3 µm, 8.8–9.1 
µm, 9.4–9.6 µm, and 9.9–10.1 µm domains). 

6.3 Retrieval of leaf area index in different plant species 
using thermal hyperspectral data 

Some studies indicated that LAI value saturates at approximately 5.0-5.5 (m2 
m-2) (Asner et al. 2003; Gower et al. 1999) while other studies illustrated that 
LAI reached a saturation level at roughly 2.5-3.0 (m2 m-2) using vegetation 
indices from multispectral data (Carlson et al. 1990; Sellers 1987). 
Consequently, vegetation indices calculated from multispectral data displayed 
a reduced sensitivity to LAI at high LAI values. Recently, Schlerf et al. (2005) 
and Darvishzadeh et al. (2008b) confirmed that narrow-band vegetation 
indices could predict LAI with better accuracy in comparison to broadband 
vegetation indices over VNIR and SWIR regions. However, prediction of LAI 
has not been researched in the TIR spectrum, and to our knowledge, it was 
revealed for the first time (in Chapter 3) that LAI could be predicted with 
moderate accuracy using TIR hyperspectral data under controlled laboratory 
conditions. 
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(a) 

(b) 

Figure 6.1: Effects of leaf area index variability on nadir-viewed canopy emissivity in 
the Buxus sempervirens (a), and Euonymus japonicus (b). 
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(a) 

(b) 

Figure 6.2: Changes in canopy emissivity spectra become smaller when LAI values 
exceed 4.0 (m2 m-2) in the Buxus sempervirens (a), and Euonymus japonicus (b). 

 
Chapter 3 of this thesis discusses the potential of TIR hyperspectral data for 
the retrieval of LAI for four species which were structurally different. Several 
issues were considered regarding retrieval of LAI using TIR emissivity 
spectra. The correlation between LAI and the canopy emissivity spectra of 
individual wavebands was first determined. The results showed that the 
correlation between LAI and the emissivity spectra were not statistically 
significant for all wavebands. There was a difference in the highest correlation 



Chapter 6 

109 

values between LAI and emissivity spectra in various parts of the TIR domain 
among the considered plant species (Figure 6.3). 
 
The results of Chapter 3 demonstrated that LAI is predictable with moderate 
accuracy from emissivity spectra using vegetation indices even at relatively 
high LAI values (LAI > 5.5). It must be noted that different vegetation indices 
obtained similar results. The most sensitive waveband combination (i.e. 
wavebands yielded a high coefficient of determination in relation with LAI) 
across species was obtained by means of the 10–12 µm range in combination 
with the bands in the 8–11 µm range. The improvements in the prediction 
accuracy of LAI were further confirmed when partial least square regression 
(PLSR) was applied compared to vegetation indices. Further, the LAI for all 
species were retrieved using artificial neural networks (ANN) as a machine 
learning approach. The results demonstrated that the accuracy of the retrieved 
LAI using ANN was comparable to those from vegetation indices as well as 
PLSR, as estimated in Chapter 3 (Table 6.1). The findings of Chapter 3 
demonstrated that no matter which statistical method had been applied, the 
predicted accuracy was highly dependent on the plant species and was 
different among species. The LAI predicted from the pooled data was much 
less accurate compared to the LAI values estimated for individual species 
which may be attributed to the biochemical properties of leaves and the 
canopy structure of the studied species. 
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Figure 6.3: The relationship between canopy emissivity spectra at individual 
wavebands and leaf area index. The gray area represents the wavebands that were 
significantly different. 

 
Table 6.1: Performance of simple ratio index (SR), partial least squares regression 
(PLSR), and artificial neural networks (ANN) models for predicting leaf area index. 

Species name 
SR PLSR ANN 

R2
CV RMSEcv (%) R2 RMSEcv (%) R2

CV RMSEcv (%) 

Ficus benjamina 0.60 31.90 0.68 31.26 0.95 11.54 

Azalea japonica 0.38 27.71 0.54 19.32 0.85 14.93 

Euonymus 
japonicus 

0.57 36.77 0.82 34.06 0.86 22.54 

Buxus sempervirens 0.34 40.98 0.64 27.40 0.67 31.23 

6.4 Retrieving vegetation canopy water content from 
hyperspectral thermal measurements 

The retrieval of vegetation water content is essential in assessing a drought 
risk (Peñuelas and Filella 1998), the risk of forest fire (Chuvieco et al. 2004; 
Chuvieco et al. 2002) as well as for the monitoring of ecosystem functions 
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(Skidmore et al. 2015). Estimating of FMC and EWT, both at leaf and canopy 
levels, are widely investigated using VNIR and SWIR hyperspectral and 
multispectral data with a varying degree of success (Ceccato et al. 2002a; 
Clevers et al. 2010; Mirzaie et al. 2014). In contrast, the potential of TIR 
hyperspectral data to predict vegetation water content has hardly been 
considered at the canopy level. Recent technological development in the TIR 
spectroscopy offers an opportunity to assess the potential of the emissivity 
spectral for prediction of vegetation water content, particularly at canopy level 
over TIR region (hereafter, FMC and EWT at canopy level referred to as 
FMCC and EWTC, respectively). The potential of the TIR domain to predict 
monitor FMCC and EWTC can improve and may be applicable for assessing 
drought risk and estimation of a wildfire occurrences. 

Chapter 4 assesses the potential of TIR hyperspectral data for the estimation 
of FMC as mass-based vegetation water content and EWT as an area-based 
vegetation water content at canopy level, coupled with multivariate 
techniques. For upscaling of vegetation variables from leaf to canopy level, 
LAI is required and irreplaceable. The results in Chapter 4 demonstrated that 
both variables could be predicted accurately from TIR emissivity spectra 
using PLSR and ANN models. However, FMCC as a mass-based variable 
could be more accurately retrieved across species compared to EWTC as an 
area-based variable (Figure 6.4). This could be associated with the 
relationship between heat flow and mass which could incidentally denote the 
temperature, light use efficiency, and characterizes the water availability in 
the plant. The findings of Chapter 4 complement the knowledge from VNIR 
and SWIR regions in terms of prediction of canopy vegetation water content. 
The results confirmed that among the most important wavebands which 
contain sufficient information regarding prediction of FMCC and EWTC, 
waveband 8.8 µm is common to all the studied plant species. Additionally, 
the results demonstrated that ANN approach is superior when retrieving 
FMCC and EWTC compared to the PLSR models, which use TIR 
hyperspectral data and result in a relatively higher prediction accuracy. It was 
observed that the strength of the relation between PLSR and ANN models for 
prediction of EWTC and FMCC differed among studied plant species. This 
result is in agreement with the findings of Chapter 3 where it was revealed 
that the prediction accuracy of LAI using TIR data was highly dependent on 
the plant species. The results showed that for the retrieval of the considered 



Synthesis: sensing vegetation canopies in the thermal domain 

112 

variables (i.e. EWTC and FMCC) for the pooled data using the most important 
wavebands identified by PLSR models as the network inputs for ANN were 
insufficient, and consequently, more wavebands were required to improve the 
prediction accuracy. However, the findings of this chapter once again 
confirmed that emissivity spectra over TIR region are likely to be species-
specific since when the data of the studied plant species was pooled together, 
the prediction accuracies dropped. 

6.5 Successful retrieval of leaf area index from thermal 
satellite imagery over mixed temperate forest 

Satellite-based prediction of LAI has been widely addressed by means of 
VNIR and SWIR remote sensing data (Bacour et al. 2006; Colombo et al. 
2003; Wang et al. 2004). However, TIR satellite data has yet to be considered 
to assess the relationship between vegetation biophysical variable, such as 
LAI and TIR data at the landscape level. In this respect, Chapter 5 assessed 
the relation between LAI and land surface emissivity (LSE) benefiting from 
Landsat-8 TIR data coupled with empirical and machine learning approaches. 

This chapter has also attempted to highlight an important issue regarding the 
normalized difference vegetation index threshold method (NDVITHM) for 
calculating LSE; and showed that besides knowledge regarding emissivity of 
soil and vegetation, an accurate prediction of the proportion of vegetation 
cover (PV) is crucial. The prediction accuracy of PV which was achieved by 
different approach yields different results and were highly dependent on the 
choice of approach (R2 = 0.64, RMSE = 0.05 for ANN; R2 = 0.42, RMSE = 
0.06 for VARIgreen; R2 = 0.40, RMSE = 0.06 for NDVI) (Figure 6.5 and 
Figure 6.6). Accordingly, it could have considerable influence on the 
prediction accuracy of variables which were further calculated or retrieved 
using LSE.  
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(a) 

 
(b) 

 
(c) 

Figure 6.4: Scatterplots of measured versus estimated canopy equivalent water 
thickness (left side diagrams), and canopy fuel moisture content (right side diagrams) 
for the pooled data (a), Ficus benjamina (b), and Azalea japonica (c) using partial least 
square regression. 
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Figure 6.5: Comparison of the first-order polynomial fit obtained from different 
approaches for prediction of the proportion of vegetation cover (PV) in the Bavarian 
forest national park: normalized difference vegetation index (PV

NDVI); variable 
atmospherically resistant index (PV

VARIgreen); artificial neural networks (PV
ANN).   

 

 
Figure 6.6: Median, lower and upper quartile values of the proportion of vegetation 
(PV) calculated using three different methods: normalized difference vegetation index 
(PV

NDVI); variable atmospherically resistant index (PV
VARIgreen); artificial neural 

networks (PV
ANN); and in situ measurements. 

 
The findings of Chapter 5 demonstrated that a positive correlation exists 
between LAI and LSE and it was observed that LSE is influenced by 
increasing LAI values (Figure 6.7). As can be observed from Figure 6.7, the 
LSE was calculated from bands 10 and 11 of Landsat 8 varied with a LAI 
variation. This confirmed our earlier results obtained in Chapter 2, which 
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demonstrated that by increasing LAI value the canopy emissivity spectra 
increases.  

 
Figure 6.7: The land surface emissivity in Norway spruce (Picea abies) over a thermal 
infrared region corresponding to variation in leaf area index (LAI, m2 m-2). 

 
In addition, the results of this chapter revealed that a statistically significant 
difference exists between plot’s LSE and different vegetation types (Figure 
5.7) except between Beech and mixed plots (i.e. including Beech and Spruce). 
The exception (i.e. vegetation type) can be partly explained by the differences 
in canopy structural parameters and concentrations of biochemical contents 
among different species as well as by having a limited number of (only two) 
TIR bands which are located between 10 µm and 12 µm. Previously, Ullah et 
al. (2012a) found that wavebands bands 9.44 µm, 12.71 µm, and 13.70 µm 
have adequate information to discriminate among plant species at the leaf 
level.  

Moreover, the results of this chapter confirmed the findings of the previous 
chapter (i.e. Chapter 3), which revealed that there is no preference to use 
vegetation indices to predict LAI using TIR data. A possible explanation 
could be the little contrast observed in absorption bands in emissivity spectra 
compared to the reflectance spectra (Hapke 2012). The most common remote 
sensing vegetation indices are developed using different bands located in 
various parts of the electromagnetic spectrum (Chen and Cihlar 1996; 
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Gitelson et al. 2002; Pearson and Miller 1972; Rouse et al. 1974; Viña et al. 
2011). Accordingly, the combination of bands from different regions usually 
demonstrates better sensitivity to vegetation variables since their information 
are complementary rather than bands from a particular part of the 
electromagnetic spectrum (Asrar et al. 1984; Bannari et al. 1995).  

The results of this chapter confirmed that the retrieval of LAI from TIR data 
using an ANN approach is more accurate than the use of vegetation indices 
and confirmed our previous findings that multivariate techniques were the 
better choice in order to improve the prediction accuracy compared to 
univariate methods for retrieval of vegetation biophysical parameters over 
VNIR/SWIR and TIR regions (Danson et al. 2003; Neinavaz et al. 2016c). 
Further, for the first time, it was demonstrated that the combination of 
VNIR/SWIR and TIR data could enhance the prediction accuracy for 
estimation of vegetation biophysical parameters such as LAI (Figure 6.8). 

6.6 Border implications of using thermal infrared 
remotely sensed data for estimation of vegetation 
parameters in ecological studies  

The intention in this thesis was to explore the potential of TIR remote sensing 
data for prediction of LAI as a primary vegetation biophysical variable and 
canopy vegetation water content with a focus on empirical models. Different 
statistical techniques such as univariate versus multivariate approaches were 
applied for retrieval of vegetation characteristics from the laboratory to 
satellite level.  
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(a) 

(b) 

(c) 

Figure 6.8: Scatterplot of measured versus estimated leaf area index using the artificial 
neural network and Landsat 8 bands from TIRS sensor (a), OLI sensor (b), and OLI 
and TIRS sensors (c). 
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The research in this thesis assessed the capability of predicting vegetation 
variables using TIR, which remotely sensed data at the canopy level. In this 
respect, Chapter 2 investigated the effect of LAI values on emissivity spectra 
and proved for the first time that by raising LAI values, emissivity (of spectra) 
increases. The findings revealed that there are a number of other variables 
which have an influence upon the emissivity spectra. Chapter 3 predicted LAI 
using univariate and multivariate statistical techniques and demonstrated that 
LAI could be estimated with reasonable accuracy, even at relatively high LAI 
values using TIR hyperspectral data. Chapter 4 assessed the possibility of 
estimation vegetation water content in terms of FMC and EWT, both at 
canopy level from emissivity spectra and revealed that FMC at canopy level 
could be retrieved more accurately than EWT at canopy level. In other words, 
emissivity spectra were a better predictor when retrieving mass-based canopy 
water content. Additionally, ANN as a machine learning approach serves as 
an accurate technique for estimating considered variables in this thesis, 
although, its transferability desires to investigate using another TIR datasets. 
Chapter 5 explored the possibility of the estimation of LAI benefiting from 
Landsat 8 TIR data as well as presented how the results from Chapters 2 and 
3 can be up-scaled. The results confirmed that LAI could be predicted with 
modest accuracy using an empirical approach. Additionally, the findings of 
this chapter demonstrated that a combination of reflectance and emissivity 
spectra might improve the prediction accuracy of LAI. 

As a consequence, the findings of the thesis suggested that the information 
contained in TIR data can be complementary to other remote sensing data and 
can be counted as a new approach for the retrieval of vegetation biophysical 
and biochemical variables in further studies. Accurate estimation of 
vegetation parameters such as LAI and canopy water content are valuable in 
a variety of ecological and agricultural applications. The regional and global 
maps of LAI or vegetation water content benefiting from TIR data could be 
generated when new satellites (containing multiple thermal bands) such as 
HyspIRI (Lee et al. 2015) and space-based instrument such as ECOSTRESS 
(Johnson and Hook 2016) become operational. Consequently, such studies 
would make provision for expansion of EBVs for assessing and conserving 
biodiversity, especially in fragile ecosystems. Additionally, mapping canopy 
water content using TIR data will improve our conception of the water stress 
in plants through measuring land surface temperature and land surface 
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emissivity (Karnieli et al. 2010; Wan et al. 2004), particularly for climate-
sensitive biomes. This would also determine how variation in vegetation 
water content impact the biophysical processes of terrestrial ecosystems (e.g. 
global carbon cycle).  

6.7 Future research avenues 

The potential of TIR hyperspectral data for predicting vegetation parameters 
at canopy level is novel and are not entirely investigated. However, the 
findings of this thesis enlighten the use of the TIR remote sensing in 
vegetation studies and underline the potential of TIR data for retrieval of 
vegetation variables at canopy level. In line with the statistical approaches and 
variables considered in this dissertation, further studies could be undertaken 
along three lines: examining the retrieval of other vegetation variables, using 
another dataset with different measurement conditions, and utilizing radiative 
transfer models in the TIR region using TIR hyperspectral data.  

In this study, LAI and canopy water content have been addressed as two 
primary vegetation parameters in the ecosystem process models as well as 
EBVs (Pereira et al. 2013). Whereas, there are other vegetation parameters 
(e.g. specific leaf area, dry matter content, nitrogen, etc.) which must be 
considered in ecological studies and monitoring of ecosystems by means of 
remote sensing, in particular, TIR data (Skidmore et al. 2015). Therefore, 
other vegetation traits could be discussed similarly in future research.  

Vegetation of the Bavarian Forest National Park is mainly dominated by three 
species consisting of Norway spruce (Picea abies), European beech (Fagus 
sylvatica), and Silver fir (Abies alba). Therefore, the application of using TIR 
remotely sensed data to other ecosystems, and different vegetation types are 
required to be considered in future studies. 

In this study, in Chapters 2, 3 and 4 TIR hyperspectral data have been applied, 
while for Chapter 5 due to the unavailability of hyperspectral data in the TIR 
domain, TIR multispectral data have been used. Further research is crucial to 
explore the TIR hyperspectral remotely sensed data by means of space-borne 
and airborne platforms with fine resolutions. Another possible extension of 
this study would be on the use of information achieved by empirical 
approaches to parameterize the physical models such as radiative transfer 
models.   
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Summary 

There is an increasing demand for understanding and evaluating the impact of 
climate change and global warming on the Earth system. Remote sensing as 
a non-destructive and cost-effective approach is one of the most valuable tools 
to understanding the ecosystems changes. 

This dissertation aims to contribute to understanding the potential of thermal 
(TIR, 8-14 µm), hyperspectral, and multispectral remote sensing data to 
quantify two vegetation variables at canopy level: leaf area index (LAI) and 
vegetation water content in terms of fuel moisture content (FMCC) and 
equivalent water thickness (EWTC). The research investigated the relation 
between LAI and emissivity spectra, as well as the applicability of emissivity 
spectra to retrieve the LAI, FMCC, and EWTC benefiting from empirical 
models under laboratory controlled conditions over TIR region. 

The laboratory experiments demonstrated that there exists a positive 
correlation between emissivity spectra and LAI. It was concluded that LAI 
could be successfully predicted at a moderate accuracy using empirical 
models. The findings revealed that multivariate techniques are more reliable 
to retrieve LAI in comparison with univariate statistical approaches using TIR 
data. The results of the study showed that FMCC and EWTC could be 
successfully estimated through artificial neural networks, and FMCC was 
more accurately predicted than EWTC. The findings of the research confirmed 
that TIR remotely sensed data are species-specific regarding prediction of 
vegetation biophysical as well as biochemical variables at canopy level. 

Furthermore, research has moved on the spaceborne level to predict LAI 
coupled with univariate and machine learning approaches, which have 
benefitted from TIR multispectral data. The results revealed that LAI could 
be predicted using land surface emissivity (LSE) with reasonable accuracy. 
The LSE was found to be correlated with the plot vegetation type. The 
findings of this thesis confirmed that different vegetation indices achieved 
similar results for retrieval of LAI using TIR hyperspectral and multispectral 
data. Lastly, the results showed that the combination of reflectance and 
emissivity data could improve the prediction accuracy of LAI. This thesis 
extends the existing knowledge of applied research in vegetation remote 
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sensing studies from the TIR perspective. The findings and approaches of this 
thesis have confirmed the potential of TIR hyperspectral remote sensing data 
to generate valuable information regarding vegetation characteristics at 
canopy level under laboratory conditions. The results further revealed the 
potential of TIR remote sensing data to retrieve LAI as a primary vegetation 
biophysical variable over the mixed temperate forest at satellite level. These 
achievements will improve our knowledge, and enhance our understanding of 
biodiversity through monitoring and assessment of changes in essential 
biodiversity variables such as LAI. 
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Samenvatting 

Er is steeds meer vraag naar het begrijpen en het evalueren van de impact van 
klimaatverandering en de opwarming van de aarde. Remote sensing als een 
niet-destructieve en kosteneffectieve aanpak is hierbij een van de meest 
waardevolle tools om de veranderingen in de ecosystemen te begrijpen.  

Dit proefschrift streeft ernaar bij om het potentieel van thermische infrarood 
(TIR, 8-14 μm), hyperspectrale en multispectrale afstands-
waarnemingsgegevens te begrijpen om twee vegetatievariabelen op luifel-
niveau te kwantificeren, namelijk de blad-oppervlakte index (LAI) en het 
vegetatie watergehalte, gemeten in termen van Brandstof vochtgehalte 
(FMCC) en gelijkwaardige waterdikte (EWTC). Het onderzoek onderzocht de 
relatie tussen LAI en emissiviteitsspectra, evenals de toepasbaarheid van 
emissiviteitsspectra om de LAI, FMCC en EWTC te verkrijgen vanuit de - 
onder laboratorium gecontroleerde omstandigheden- empirische modellen in 
de TIR-regio. 

De laboratorium experimenten hebben aangetoond dat er een positieve 
correlatie bestaat tussen emissiviteitsspectra en LAI. Er werd geconcludeerd 
dat LAI met succes empirische modellen zou kunnen voorspellen met een 
gematigde nauwkeurigheid. Uit de bevindingen bleek dat multivariate 
technieken betrouwbaarder zijn om LAI te verkrijgen in vergelijking met 
univariate statistische benaderingen die gebruik maken van TIR data. De 
resultaten van de studie toonden aan dat FMCC en EWTC succesvol kunnen 
worden geschat door middel van kunstmatige neurale netwerken, en FMCC 
werd nauwkeuriger voorspeld dan EWTC. De bevindingen van het onderzoek 
hebben bevestigd dat TIR-afstandsgevoede gegevens specifiek zijn voor het 
voorspellen van vegetatie biofysische en biochemische variabelen op 
luifelniveau. 

Daarna is het onderzoek verplaatst naar het ruimtelijk niveau om LAI te 
voorspellen in combinatie met univariate en “machine-learning” 
benaderingen, vanuit de TIR multispectrale data. Uit de resultaten blijkt dat 
LAI met redelijke nauwkeurigheid kan worden voorspeld met behulp van 
landingsemissiviteit (LSE). De LSE bleek gecorreleerd te zijn aan het 
vegetatie type in een bepaald gebied. De bevindingen van dit proefschrift 
bevestigden dat verschillende vegetatie-indices vergelijkbare resultaten 
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hebben verkregen voor het verkrijgen van LAI met behulp van TIR 
hyperspectrale en multispectrale data. Ten slotte bleek dat de combinatie van 
reflectie- en emissiviteitsgegevens de voorspellingsnauwkeurigheid van LAI 
zou kunnen verbeteren.  

Dit proefschrift breidt de bestaande kennis uit van toegepast onderzoek in 
vegetatie-remote sensing studies uit het TIR perspectief. De bevindingen en 
benaderingen van dit proefschrift hebben het potentieel van TIR 
hyperspectrale afstandswaarnemingsgegevens bevestigd om waardevolle 
informatie te genereren over vegetatiekenmerken op luifelniveau onder 
laboratoriumomstandigheden. De resultaten onthullen daarnaast het 
potentieel van TIR remote sensing data om LAI te verkrijgen op 
satellietniveau als een biofysische variabele van de vegetatie in het gemengde 
gematigde bos. Deze prestaties zullen onze kennis verbeteren en ons begrip 
van biodiversiteit verbeteren door het monitoren en evalueren van 
veranderingen in essentiële biodiversiteitsvariabelen, zoals LAI. 
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